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1000

v

1002

Receive, from a usey, a query comprising a request relaling to a particular domain

1004

Determine, based on the guery, a set of sub-queries using a decomposition model trained to
determine sub-~queries

| Input the set of sub-queries into a routing model to determine a set of specialized models for the set of
' sub-queries, wherein the routing model is frained to assign sub-queries for input into a set of
speciaiized models according o one or more routing strategies

........................................................................................................... 1008
Route each sub-query to a respective specialized model in the set of specialized models
1010
Input each sub-query into the respective specialized model to generate an output
e i ____________________________________________________________________________________________________ 1012
Assign, 1o each respective output, a confidence score
1014

Generate an aggregated output by combining the set of outputs according to (i) a weighted
aggregation algorithm that prioritizes outputs with higher confidence scores and (i) a plurality of
conflict resolution rules

B R g R R g R R e e e g e g e e g g e g
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Obtain an output generation request including an instruction for generation of an output using an
artificial intelligence (Al} model

1054

generation request to a set of domains indicating (1) a set of databases and (2) a set of guidelines

associated with the set of dalabases
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1058
(Generate, using the set of domain-specific models, a query fragment tor each domain-specific mode!

by using one or more of: {1} a set of performance metric values associated with using the query
fragment to retrieve domain-specific data from the set of databases or (2) a set of system resource
metric values indicating an estimated usage of system resources to retrieve the domain-specific data

using the query fragment

1060

Aggregate, using the Al model, the query fragments into an overall query contigured to satisfy the set
of guidelines associated with each database of the set of domains

FIG. 10B
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1106 1118
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Application(s) 111

Application Application Application
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INTELLIGENT QUERY DECOMPOSITION,
SPECIALIZED MODEL ROUTING, AND
HIERARCHICAL AGGREGATION WITH

CONFKLICT RESOLUTION

CROSS-REFERENCE TO RELATED
APPLICATIONS
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No. 18/633,293 entitled “DYNAMIC EVALUATION OF
LANGUAGE MODEL PROMPTS FOR MODEL SELEC-
TION AND OUTPUT VALIDATION AND METHODS
AND SYSTEMS OF THE SAME” and filed Apr. 11, 2024.

The content of the foregoing applications 1s incorporated
herein by reference 1n 1ts entirety.

BACKGROUND

Large language models are computational systems
designed to understand and generate human-like text by
processing vast amounts ol textual data. These models
utilize deep learning architectures, particularly transformer
networks, to learn patterns i1n language and can perform
various tasks such as text completion, translation, summa-
rization, and question answering. They are trained on
diverse datasets containing billions of words from books,
articles, websites, and other text sources, enabling them to
develop a sophisticated understanding of linguistic struc-
tures, context, and semantic relationships.

Model routing and orchestration involve the coordination
and management of multiple computational models or ser-
vices to handle different aspects of a complex task. This
approach allows systems to use models that excel at par-
ticular types of problems rather than relying on a single
model. Routing decisions can be based on various factors
including model performance characteristics, computational
requirements, domain expertise, and real-time system con-
ditions.

SUMMARY

Current large language model (LLM) systems face several
technical challenges when processing complex queries that
require specialized domain knowledge and multi-faceted
analysis. Traditional LLM systems process entire queries as
single monolithic units, leading to suboptimal responses for
questions that contain multiple distinct components requir-
ing different types of expertise. For example, a complex
query can simultaneously require data retrieval, numerical
calculations, regulatory compliance analysis, and strategic
recommendations, yet conventional systems attempt to
handle all these diverse requirements through a single gen-
eralized model.

Generic models lack access to domain-specific data and
specialized knowledge that can be critical for accurate
responses 1n technical fields. These systems cannot leverage
the benefits of smaller, purpose-built models that have been
fine-tuned on specific datasets or trained to excel at particu-
lar types of tasks. Additionally, conventional systems sufler
from high latency 1ssues because large models require
significant processing time for even simple sub-components
ol a query, impacting real-time applications where speed 1s
essential. Cost inefliciency represents another significant
technical problem, as conventional systems waste compu-
tational resources by using large, expensive models to
process simple sub-tasks that can be handled more efli-
ciently by smaller specialized models. Furthermore, static
routing systems cannot learn from usage patterns or adapt to
changing requirements, limiting their ability to optimize
performance over time.

Moreover, existing systems are unable to efhiciently har-
monize and combine results from multiple models because
they lack sophisticated contlict resolution mechanisms and
contextual understanding capabilities. When multiple spe-
cialized models generate responses to related queries, con-
ventional systems typically employ simple concatenation or
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basic voting schemes that fail to address semantic 1nconsis-
tencies, factual contradictions, or varying confidence levels
across different model outputs. This leads to fragmented
responses 1n which contradictory information appears with-
out resolution, creating confusion for users or mcompatible
data points. Furthermore, traditional aggregation approaches
cannot preserve the specialized msights and domain-specific
nuances that individual models provide, often resulting in
oversimplified or diluted final outputs that lose the precision
and expertise that specialized models were designed to
deliver. The absence of hierarchical synthesis capabilities
means that existing systems cannot maintain coherent nar-
rative flow while mtegrating diverse types of information,
such as combining quantitative analysis with qualitative
assessments or merging technical specifications with strate-
gic recommendations 1n a logically structured manner.

The disclosed system overcomes these technical problems
through an intelligent query decomposition and parallel
routing architecture that breaks complex queries into sub-
components and processes them simultaneously using spe-
cialized models optimized for specific tasks. The system
employs {ine-tuned small language models trained on
domain-specific data to achieve eflicient decomposition with
reduced latency while maintaining high accuracy through
purpose-built models. The technical solution implements a
multi-strategy decomposition engine that utilizes multiple
parallel approaches including semantic analysis, syntactic
parsing, task-based categorization, and domain-specific pat-
tern recognition. This comprehensive decomposition
approach ensures that complex queries are broken down into
optimal sub-components that can be processed by the most
appropriate specialized models.

A dynamic parallel routing system addresses the technical
challenges of model selection by immplementing multiple
routing strategies that consider performance metrics, cost
optimization, domain expertise, and adaptive learning based
on historical performance. This approach enables the system
to balance computational efliciency with accuracy require-
ments while continuously improving routing decisions
through machine learning techniques. The system further
addresses technical challenges through a hierarchical aggre-
gation mechamism with intelligent conflict resolution that
synthesizes parallel results while maintaining semantic
coherence and preserving specialized insights from domain-
specific models. This aggregation approach resolves dis-
crepancies between different model outputs through confi-
dence-weighted analysis and context-aware synthesis.

In particular, the disclosed system can receive, from a
user, a query including a request relating to a particular
domain. The system can determine, based on the query, a set
of sub-queries using a decomposition model trained to
determine sub-queries based on one or more ol semantic
boundaries, syntactics, tasks, relationships, and rules relat-
ing to particular domains. For example, the decomposition
model can i1dentily semantic boundaries within the request
by recogmizing distinct conceptual units or can parse syn-
tactic elements such as clauses, modifiers, and logical opera-
tors to understand the structural components of the query.

The system can 1nput the set of sub-queries 1nto a routing
model to determine a set of specialized models for the set of
sub-queries. In particular, the routing model 1s trained to
assign sub-queries for mput mto a set of specialized models
according to one or more routing strategies that balance or
prioritize a plurality of factors. In some 1mplementations,
these routing strategies can include performance-based rout-
ing that prioritizes latency requirements and accuracy
thresholds, cost-optimized routing that balances computa-
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tional costs with quality requirements, domain expertise
routing that prioritizes expertise of the specialized models,
and learning-based routing that updates based on historical
performance and real-time feedback.

For each particular sub-query 1n the set of sub-queries, the
system can route the particular sub-query to a respective
specialized model 1 the set of specialized models. The
system can input the particular sub-query 1nto the respective
specialized model to generate an output and can assign, to
cach respective output, a confidence score based on a
reliability of the respective specialized model, a complexity
of the particular sub-query, and a relevance of the respective
output. For example, the confidence scoring mechanism
enables the system to weight responses appropriately during
the aggregation process, ensuring that more reliable outputs
from proven models receive higher priority.

The system can detect a contlict among a set of outputs
generated for the set of sub-quernies. In particular, the conflict
1s detected using a contlict detection model configured to
identify logical, factual, or semantic discrepancies among
outputs, and the contlict includes a discrepancy between two
outputs of the set of outputs. This contlict detection capa-
bility addresses the technical challenge of reconciling poten-

tially contradictory information from different specialized
models.

Moreover, the system can generate an aggregated output
by combining the set of outputs according to a weighted
aggregation algorithm that prioritizes outputs with higher
conildence scores and a plurality of contlict resolution rules.
In particular, the aggregated output resolves the contlict
between the two outputs. The system can cause display of
the aggregated output 1n response to the query, thus provid-
ing a unified response that leverages the specialized capa-
bilities of multiple models while resolving discrepancies
through intelligent synthesis.

Various other aspects, features, and advantages of the
invention will be apparent through the detailed description
of the invention and the drawings attached hereto. It 1s also
to be understood that both the foregoing general description
and the following detailed description are examples and are
not restrictive of the scope of the invention. As used in the
specification and in the claims, the singular forms of *“a,”
“an,” and “the” include plural referents unless the context
clearly dictates otherwise. In addition, as used 1n the speci-
fication and the claims, the term “or” means “and/or” unless
the context clearly dictates otherwise. Additionally, as used
in the specification, “a portion” refers to a part of, or the
entirety of (1.e., the entire portion), a given item (e.g., data)
unless the context clearly dictates otherwise.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates a block diagram of a query decompo-
sition and parallel routing system, according to some imple-
mentations to the disclosed technology.

FIG. 2 illustrates an architecture of a query analysis
system, according to some 1implementations to the disclosed
technology.

FIG. 3 illustrates a query decomposition process for
analyzing complex queries, according to some implementa-
tions to the disclosed technology.

FIG. 4 1llustrates a dynamic routing decision process,
according to some 1mplementations to the disclosed tech-
nology.

FIG. 5 1illustrates a parallel execution process, according
to some 1mplementations to the disclosed technology.
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FIG. 6 illustrates a hierarchical aggregation system with
contlict resolution, according to some 1mplementations to

the disclosed technology.

FIG. 7 shows an illustrative environment for evaluating
language model prompts and outputs for model selection
and validation, according to some implementations to the
disclosed technology.

FIG. 8 1s a block diagram illustrating an example envi-
ronment for generating a distributed data query, according to
some 1mplementations to the disclosed technology.

FIG. 9 1s a block diagram illustrating an example envi-
ronment of a domain-specific model used for distributed
data queries, according to some implementations to the
disclosed technology.

FIG. 10A 1s a flow diagram illustrating an example
process ol query decomposition and parallel routing, accord-
ing to some 1mplementations to the disclosed technology.

FIG. 10B 1s a flow diagram illustrating an example
process of dynamically selecting models for distributed data
queries, according to some implementations to the disclosed
technology.

FIG. 11 shows a block diagram showing some of the
components typically incorporated in at least some of the
computer systems and other devices on which the disclosed
system operates, according to some implementations to the
disclosed technology.

FIG. 12 1s a system diagram 1llustrating an example of a
computing environment in which the disclosed system oper-
ates, according to some implementations to the disclosed
technology.

FI1G. 13 shows a diagram of an artificial intelligence (Al)
model, according to some 1implementations to the disclosed
technology.

The technologies described herein will become more
apparent to those skilled in the art from studying the
Detailled Description in conjunction with the drawings.
Implementations describing aspects of the invention are
illustrated by way of example, and the same references can
indicate similar elements. While the drawings depict various
implementations for the purpose of illustration, those skilled
in the art will recognize that alternative implementations can
be employed without departing from the principles of the
present technologies. Accordingly, while specific implemen-
tations are shown i1n the drawings, the technology i1s ame-
nable to various modifications.

DETAILED DESCRIPTION

In the following description, for the purposes ol expla-
nation, numerous specific details are set forth 1 order to
provide a thorough understanding of the disclosed imple-
mentations. It will be appreciated, however, by those having
skill in the art, that the implementations can be practiced
without these specific details or with an equivalent arrange-
ment. In other cases, well-known models and devices are
shown 1n block diagram form 1n order to avoid unnecessarily
obscuring the disclosed implementations. It should also be
noted that the methods and systems disclosed herein are also
suitable for applications unrelated to intelligent query
decomposition, specialized model routing, or hierarchical
aggregation.

The disclosed technology provides a system and method
tor intelligent query decomposition, specialized model rout-
ing, and hierarchical aggregation with contlict resolution. In
particular, systems and methods described herein mvolve
breaking complex queries into atomic sub-components, pro-
cessing them simultaneously using specialized models opti-
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mized for specific tasks, and synthesizing the results while
resolving conflicts. Specifically, the present disclosure will
be directed to using a multi-strategy decomposition engine
that utilizes multiple parallel approaches including semantic
analysis, syntactic parsing, task-based categorization, and
domain-specific pattern recogmition; a dynamic parallel
routing system that implements multiple routing strategies
considering performance metrics, cost optimization, domain
expertise, and adaptive learning; and a hierarchical aggre-
gation mechanism with intelligent conflict resolution that
synthesizes parallel results while maintaining semantic
coherence and preserving specialized 1nsights from domain-
specific models.

The system can receive a query from a user icluding a
request relating to a particular domain, determine a set of
sub-queries using a decomposition model, mput the sub-
queries 1mto a routing model to determine specialized mod-
¢ls, route each sub-query to a respective specialized model
to generate outputs with confidence scores, detect contlicts
among outputs, generate an aggregated output that resolves
conilicts using a weighted aggregation algorithm and con-
flict resolution rules, and display the aggregated output 1n
response to the query. This approach enables the system to
leverage specialized capabilities of multiple models while
resolving discrepancies through intelligent synthesis.

The system can utilize various types of models (e.g.,
LLMs, small language models (SLMs), retrieval-augmented
generation (RAG) procedures, fine-tuned models, neural
networks, Bayesian models, or other types of models) within
the routing architecture to optimize performance across
different query types and computational requirements.
LLMs can be employed for complex reasoning tasks that
require extensive world knowledge and sophisticated lan-
guage understanding, such as multi-step analytical queries
or nuanced interpretation of ambiguous requests. SLMs with
fewer parameters can be utilized for specific, well-defined
tasks where computational efliciency 1s prioritized, such as
entity extraction, classification, or simple factual retrieval,
enabling faster response times and reduced resource con-
sumption. RAG procedures can be integrated to combine the
generative capabilities of language models with access to
external knowledge bases, allowing the system to provide
up-to-date information and domain-specific facts that are not
present 1in the model’s training data.

FIG. 1 1llustrates a block diagram 100 of a query decom-
position and parallel routing system, according to some
implementations to the disclosed technology. The system
receives a complex query 102 ({or example, “What are the
technical specifications of the latest smartphone model com-
pared to industry standards, how have they evolved since the
previous generation, and should I upgrade considering the
recent technological advancements?”) and processes i1t
through a query analysis module 104 that extracts context,
classifies intent, and preprocesses the mput. The analyzed
query 1s then passed to a query decomposition engine 106,
which employs a decomposition model to determine sub-
queries based on semantic boundaries, syntactics, tasks,
relationships, and rules relating to particular domains. The
decomposed sub-queries are directed to a routing intelli-
gence system 108 that utilizes a routing model to assign
sub-queries for mput into specialized models according to
various routing strategies. The parallel execution engine 110
manages simultaneous processing ol sub-queries across spe-
cialized models 112, which may include domain-specific
models fine-tuned for particular tasks such as technical
analysis, regulatory compliance, or numerical calculations.
Finally, the hierarchical aggregation system 114 implements
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a weighted aggregation algorithm that prioritizes outputs
with higher confidence scores and applies contlict resolution
rules to generate a coherent response that resolves any
discrepancies between model outputs. This architecture
cnables significant performance improvements by process-
ing complex queries in parallel while maintaining semantic
coherence 1n the final response.

In some i1mplementations, the system receives, from a
user, a query including a request relating to a particular
domain. For example, the query can be a complex question
that contains multiple distinct components requiring differ-
ent types of expertise. The query can be received through
various interfaces including web applications, mobile appli-
cations, voice assistants, or application programming inter-
taces (APIs). The particular domain can include technical
fields such as healthcare, legal, scientific research, engineer-
ing, or other specialized areas that require domain-specific
knowledge. For instance, a query in the healthcare domain
can ask about treatment options, medication interactions,
and success rates for a specific condition, while a query 1n
the engineering domain can request structural analysis,
material properties, and regulatory compliance information
for a construction project.

FIG. 2 illustrates an architecture 200 of a query analysis
system (for example, query analysis module 104 of FIG. 1),
according to some 1mplementations to the disclosed tech-
nology. The query analysis system receives a raw query
input 202 and processes 1t through multiple specialized
components of a query analysis module 204 to prepare 1t for
decomposition. The input processor 206 performs critical
preprocessing functions including query validation, tokeni-
zation, and normalization that ensure the query 1s properly
formatted before further analysis. In some implementations,
the put processor performs length checks to ensure the
query 1s within acceptable parameters, language detection to
identify the query’s primary language, and encoding nor-
malization to standardize character representations. The
context extractor 208 extracts context relating to both the
user and a query session by analyzing user profile informa-
tion, query history, and session context while also incorpo-
rating temporal and domain-specific contextual data. For
example, the context extractor can identify that a user has
previously asked related questions about a specific technol-
ogy, indicating a continuing interest 1n that subject.

The 1intent classifier 210 classifies one or more intents
associated with the query by detecting both primary and
secondary intents within complex queries, assigning conii-
dence scores to each detected intent. These components feed
processed nformation to the query enrichment layer 212,
which performs entity disambiguation, metadata attachment,
and query complexity scoring. The system outputs an ana-
lyzed query package 214 containing the preprocessed query
combined with context, intents, and metadata, which pro-
vides the necessary enriched information to determine a set
of sub-queries. The architecture’s modular design enables
parallel processing of different analytical aspects, improving,
system elliciency while maintaining comprehensive query
understanding.

In some 1mplementations, the system determines, based
on the query, a set of sub-queries using a decomposition
model. The decomposition model can be trained to deter-
mine sub-queries based on one or more of semantic bound-
aries, syntactics, tasks, relationships, and rules relating to
particular domains. The decomposition model can be a
machine learning model specifically trained to 1dentity dis-
tinct components within complex queries. This model can
analyze the query structure to recognize where one logical
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unit ends and another begins. For example, when processing
a query about “treatment options for diabetes, their success
rates, and potential side eflects,” the decomposition model
can 1dentily three distinct sub-queries: one about treatment
options, another about success rates, and a third about side
cllects. In some 1implementations, the decomposition model
utilizes {ine-tuned small language models trained on
domain-specific data to achieve eflicient decomposition with
reduced latency. The decomposition model can be 1mple-
mented using various architectures including transformer-
based models, recurrent neural networks, or hybnd
approaches that combine rule-based systems with neural
networks.

In some i1mplementations, determining the set of sub-
queries involves 1dentifying semantic boundaries or concep-
tual units within the request. Semantic boundaries represent
distinct conceptual units within a query where one 1dea or
concept transitions to another. For example, in a query
asking about “maternial properties and regulatory compli-
ance,” the semantic boundary exists between the material
properties concept and the regulatory compliance concept.
Semantic boundaries can be 1dentified through various lin-
guistic markers including topic shifts, conceptual transi-
tions, and changes 1n subject matter focus. These boundaries
often manifest at conjunction points, where terms like “and,”
“also,” or “additionally” signal the introduction of a new
conceptual unit. The decomposition model can recognize
semantic boundaries by analyzing changes in entity types,
such as transitions from product-related concepts to process-
related concepts or from technical specifications to business
implications. In healthcare queries, semantic boundaries
frequently occur between diagnostic questions, treatment
options, and prognosis iquiries, even when these concepts
appear 1n a single sentence. The model can i1dentily these
boundaries by recogmzing domain-specific terminology
clusters that typically belong to different conceptual catego-
ries. Semantic boundaries differ from syntactic boundaries
in that they focus on meaning transitions rather than gram-
matical structure, allowing the system to 1dentily conceptu-
ally distinct components even when they appear within the
same grammatical clause.

Determining the set of sub-queries can involve syntactics
within the request, the syntactics including clauses, modi-
fiers, or logical operators. Syntactics refer to the grammati-
cal structure of the query, including clauses (independent
and dependent), modifiers (adjectives, adverbs), and logical
operators (and, or, not). The decomposition model can parse
these syntactic elements to understand how different parts of
the query relate to each other structurally. Syntactic analysis
involves identifying imndependent clauses that can stand as
complete thoughts, which often represent distinct query
components that can be processed separately. Dependent
clauses, which cannot stand alone as complete thoughts,
typically provide qualifying information that modifies or
claborates on an independent clause. The model recognizes
coordinating conjunctions (such as “and,” “but,” “or”’) that
connect independent clauses, treating these as potential
decomposition points. Subordinating conjunctions (such as
“because,” “although,” “when”) troduce dependent
clauses that may need to be processed in conjunction with
theirr associated independent clauses. Logical operators
serve as particularly important syntactic markers for decom-
position, as they explicitly indicate relationships between
different parts of a query. For example, the “and” operator
often signals parallel requirements that can be processed
independently, while the “or” operator indicates alternative
scenarios that may require separate processing paths. Con-
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ditional operators like “if-then™ constructs create complex
syntactic relationships where the processing of one compo-
nent depends on the outcome of another, requiring special-
1zed decomposition approaches.

In some implementations, determining the set of sub-
queries can involve tasks indicated by the request. Tasks
indicated by the request can include data retrieval, calcula-
tion, analysis, comparison, or recommendation tasks that
require diflerent processing approaches. Data retrieval tasks
focus on extracting specific information from databases or
knowledge bases, such as “What 1s the boiling point of
water?” Calculation tasks require mathematical operations
on numerical data, such as “Calculate the compound annual
growth rate for this imvestment over five years.” Analysis
tasks involve examiming relationships, patterns, or implica-
tions within data, such as “Analyze the impact of recent
regulatory changes on pharmaceutical companies.” Com-
parison tasks require evaluating similarities and differences
between multiple entities or concepts, such as “Compare the
energy elliciency of these three HVAC systems.” Recom-
mendation tasks involve providing guidance or suggestions
based on specific criteria, such as “What investment strategy
would be most appropriate given my risk tolerance?” The
decomposition model identifies these task types through
linguistic cues, including specific verbs (calculate, analyze,
compare), question structures, and contextual indicators that
signal the expected action type. By recognizing the distinct
task types embedded within a complex query, the system can
route each component to specialized models optimized for
those specific operations.

The system can determine entities and relationships
between the entities from the request. Entities and relation-
ships nvolve identifying specific named entities (people,
organizations, products) and understanding how they relate
to each other within the query context. Entity recognition
encompasses the identification of domain-specific objects
such as medications, financial instruments, legal statutes, or
technical components that appear 1n the query. The decom-
position model employs specialized entity recognition capa-
bilities trained on domain-specific terminologies to accu-
rately 1dentify these entities even when they mvolve
technical jargon or specialized nomenclature. Relationship
identification focuses on understanding how these entities
interact or connect with each other within the query context.
Relationships can be explicitly stated through verbs or
prepositions, such as “affects,” “causes,” “belongs t0,” or
“depends on,” which directly indicate how entities relate to
cach other. Implicit relationships may be inferred from
domain knowledge even when not explicitly stated in the
query, such as understanding that a medication and a side
cllect have a potential causative relationship. Hierarchical
relationships indicate containment or categorization, such as
a product belonging to a product line or a legal case falling
under a specific jurisdiction. Temporal relationships express
time-based connections between entities, such as “before,”
“after,” or “during,” which can be cntical for proper query
interpretation. Causal relationships indicate that one entity
influences or determines another, which 1s particularly
important 1n analytical queries. By mapping these entity
relationships, the decomposition model can identify distinct
relationship-based components that require specialized pro-
cessing, such as routing queries about medication interac-
tions to pharmaceutical knowledge models while sending
dosage calculations to medical calculation models.

In some mmplementations, the system determines rules
specific to components of the request to determine the set of
sub-queries. The system can determine the set of sub-queries
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based on one or more of the semantic boundaries, the
syntactics, the tasks, the entities and the relationships, and
the rules. Rules specific to components can imnclude domain-
specific guidelines for handling certain types of questions or
terminology in specialized fields. In the healthcare domain,
rules may dictate that medication dosage questions must be
decomposed 1nto separate sub-queries addressing patient
characteristics (age, weight, kidney function) and medica-
tion properties (standard dosing, contraindications) to ensure
comprehensive safety checks. Financial domain rules may
require that investment recommendation queries be decom-
posed 1nto separate risk assessment, market analysis, and
portiolio alignment components to ensure regulatory com-
plhiance with “know your customer” requirements. Legal
domain rules often mandate that case analysis queries be
decomposed 1nto jurisdictional analysis, precedent 1dentifi-
cation, and statutory interpretation components to ensure
proper legal reasoning. Engineering domain rules may
specily that structural analysis queries must separate mate-
rial property assessment, load calculation, and safety factor
determination to maintain compliance with industry stan-
dards. Regulatory domain rules can require that compliance
queries be decomposed into applicable regulation 1dentifi-
cation, requirement extraction, and gap analysis compo-
nents. These domain-specific rules are encoded into the
decomposition model through specialized traiming on
domain-specific datasets and explicit rule implementation.
The rules can vary significantly across domains, reflecting
the unique requirements, terminology, and analytical
approaches of each specialized field. For example, health-
care queries mnvolving treatment recommendations must
always include separate safety and eflicacy components,
while financial queries about investment strategies must
include risk assessment and time horizon components.

The training methodology for decomposition models can
involve steps to ensure optimal performance. For example,
data collection gathers query logs from actual user interac-
tions across various domains, providing authentic examples
of complex queries that require decomposition. In some
implementations, an annotation process mvolves domain
experts who label query decomposition boundaries, 1denti-
tying where semantic, syntactic, and task-based divisions
should occur within each query. These annotations create a
high-quality training dataset that captures the nuanced ways
queries should be broken down. The model training phase
involves fine-tuning small transformer models (e.g., ranging
from 125M to 1B parameters) on this annotated data, using
techniques such as transfer learning from pre-trained lan-
guage models. Finally, validation testing on held-out data
query sets measures decomposition accuracy, boundary pre-
cision, and processing latency to ensure the models perform
cllectively on unseen queries. This rigorous training meth-
odology enables the system to achieve high decomposition
accuracy rates while maintaining low latency, making it
suitable for real-time applications.

The decomposition models can employ specific architec-
tural designs optimized for query analysis tasks. The seman-
tic analyzer utilizes fine-tuned BERT-based models (Bidi-
rectional Encoder Representations irom Transiormers),
trained on domain-specific terminology to recognize con-
ceptual boundaries. These models implement a modified
attention mechanism that gives higher weight to transition
words and phrase boundaries that signal concept shifts. For
example, the syntactic analyzer employs a hybrid architec-
ture combining constituency parsing with dependency pars-
ing, using a fine-tuned T35 (Text-to-Text Transfer Trans-
former) model for identitying clause boundaries and logical
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operators. For task identification, the system implements a
specialized classifier based on DistilBERT architecture that
categorizes query segments into predefined task types.
Domain-specific analyzers utilize adapter-based fine-tuning
approaches that add small domain-specific layers to pre-
trained models, enabling eflicient specialization without
requiring full model retraining. These architectural choices
balance computational etliciency with decomposition accu-
racy, enabling the system to process complex queries with
both speed and precision.

FI1G. 3 illustrates a query decomposition process 300 for
analyzing complex queries (for example, query decomposi-
tion engine 106 of FIG. 1), according to some 1implemen-
tations to the disclosed technology. The query decomposi-
tion process 300 implements a decomposition model trained
to determine sub-queries through a multi-strategy parallel
approach. The system receives an mput query 302 (exem-
plified by “What are the technical specifications of the latest
smartphone model compared to industry standards, how
have they evolved since the previous generation, and should
I upgrade considering the recent technological advance-
ments?”’) and processes 1t through four specialized analyzers
operating 1n parallel. The semantic analyzer 304 1dentifies
distinct conceptual units within the query by recognizing
entity boundaries, metric identifications, comparison types,
and contextual decision elements, directly implementing the
functionality of 1dentifying semantic boundaries or concep-
tual units within the request. For example, the semantic
analyzer can identily “techmical specifications,” “industry
standards,” and “technological advancements” as distinct
conceptual units requiring separate processing.

The syntactic analyzer 306 parses grammatical structures
including main clauses, comparison clauses, temporal
clauses, and conditional clauses, corresponding to the 1den-
tification of syntactics within the request, including clauses,
modifiers, or logical operators. In some 1mplementations,
the syntactic analyzer can identify that the example query
contains three main clauses connected by coordinating con-
junctions, with each clause requiring different types of
analysis. The task analyzer 308 categorizes components mnto
operational tasks including data retrieval, calculation, analy-
s1s, and reasoming, implementing the identification of tasks
indicated by the request. For instance, the first part of the
query requires data retrieval of technical specifications, the
second part requires comparative analysis across time peri-
ods, and the third part requires reasoning for a recommen-
dation. The domain-specific analyzer 310 applies special-
ized domain knowledge to identily techmnical metrics,
industry analysis requirements, evolutionary data needs, and
technological impact factors, corresponding to the i1dentifi-
cation of rules specific to components of the request. These
parallel analytical approaches converge to generate synthe-
sized sub-queries 312 that are optimally structured for
routing to specialized models, demonstrating the system’s
ability to determine the set of sub-queries based on semantic
boundaries, syntactics, tasks, entities and relationships, and
rules.

In some implementations, the system inputs the set of
sub-queries 1nto a routing model to determine a set of
specialized models for the set of sub-queries, where the
routing model 1s trained to assign sub-queries for mput mnto
a set of specialized models according to one or more routing
strategies that balance or prioritize a plurality of factors. The
routing model can be a machine learming system that ana-
lyzes each sub-query and determines which specialized
model would be most appropriate for processing 1t. This
model considers various factors when making routing deci-
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s1ons, including the nature of the sub-query, the capabilities
of available specialized models, computational efliciency
considerations, and historical performance data. In some
implementations, the routing model implements a multi-
strategy approach that considers performance metrics, cost
optimization, domain expertise, and adaptive Ilearning
simultaneously. The specialized models can include domain-
specific language models fine-tuned on particular datasets,
numerical calculation models, data retrieval systems, ana-
lytical models, and other purpose-built processing systems.
For example, a sub-query about medication interactions can
be routed to a pharmaceutical knowledge model, while a
sub-query about statistical significance can be routed to a
specialized statistical analysis model.

The system can maintain a comprehensive model registry
that catalogs and manages the inventory of available spe-
cialized models. This registry can contain detailed metadata
about each model, including 1ts capabilities, training data
characteristics, performance metrics, resource requirements,
and version history. For example, the registry tracks fine-
tuned small models that have been optimized for specific
domains or tasks, specialized calculation models designed
for numerical processing, regulatory compliance models
trained on legal and policy documents, market analysis
models that incorporate domain-specific analytical capabili-
ties, and general-purpose fallback models that can handle
queries outside the expertise of specialized models. Each
model entry includes performance benchmarks across dii-
ferent task types, with metrics such as accuracy, precision,
recall, F1 scores, and average latency. The registry also
maintains information about model dependencies, required
input formats, output schemas, and compatibility with dii-
ferent query types. This comprehensive model registry
ecnables the routing system to make informed decisions
about which models to use for each sub-query, considering
both technical capabilities and operational characteristics.
The registry 1s dynamically updated as models are added,
updated, or deprecated, ensuring that routing decisions are
always based on current information about available models.

In particular, the one or more routing strategies can
include a performance-based routing strategy that prioritizes
latency requirements and accuracy thresholds, a cost-opti-
mized routing strategy that balances computational costs
with quality requirements, a domain expertise routing strat-
cgy that prioritizes expertise of the set of specialized models,
or a learning-based routing strategy that updates based on
historical performance and real-time feedback. The perfor-
mance-based routing strategy focuses on meeting specific
performance requirements, such as ensuring responses are
generated within certain time constraints while maintaining
minimum accuracy levels. For example, time-sensitive que-
ries can be routed to faster models even 1f they provide
slightly less detailed responses. In some 1mplementations,
this strategy can route a query requiring immediate response
to a smaller, more eflicient model that can respond in
milliseconds rather than a larger, more comprehensive
model that can take several seconds to process.

The cost-optimized routing strategy considers the com-
putational resources required by diflerent models, balancing
processing costs against quality needs. This strategy can
route simpler sub-queries to lightweight models that con-
sume fewer resources while directing complex sub-queries
to more powertul models only when necessary. For example,
a simple factual sub-query can be routed to a small, eflicient
model that requires minimal computational resources, while
a complex analytical sub-query can be routed to a more
sophisticated model despite its higher computational cost.




US 12,602,418 B2

13

The domain expertise routing strategy prioritizes matching
sub-queries with models that have been specifically trained
or optimized for relevant domains. For instance, medical
questions are routed to healthcare-specialized models, while
engineering questions go to models with engineering exper-
tise. The learming-based routing strategy continuously
improves routing decisions by analyzing past performance
and 1ncorporating feedback. This strategy enables the sys-
tem to adapt over time, learning which models perform best
for specific types ol sub-queries based on actual results
rather than predetermined rules. In some 1mplementations,
this strategy can initially route certain types of queries to
multiple models in parallel, then gradually shift toward the
models that consistently perform best for those query types.

As an 1illustrative example, a complex healthcare query
can 1nclude “What are the potential drug interactions
between lisinopril and ibuprofen, how do they aflect blood
pressure, and what monitoring should be implemented for
clderly patients with kidney 1ssues?” The decomposition
engine breaks this into three sub-queries: (1) “What are the
potential drug interactions between lisinopril and ibupro-
ten?” (2) “How do iteractions between lisinopril and 1bu-
profen aflfect blood pressure?” and (3) “What monitoring,
should be mmplemented for elderly patients with kidney
issues taking lisinopril and ibuprofen?”” The routing system
directs the first sub-query to a pharmaceutical database
model, the second to a physiological effects model special-
1zed i cardiovascular impacts, and the third to a clinical
guidelines model trained on genatric care protocols. In the
financial domain, a query such as “What 1s the current
price-to-earmings (P/E) ratio of Apple compared to the tech
sector average, and how has 1t changed over the last quarter?
Also, considering the recent Fed rate decisions, should I
increase my position?” would be decomposed into five
distinct sub-queries: (1) “Current P/E ratio of Apple,” (2)
“Tech sector average P/E,” (3) “P/E change over last quar-
ter,” (4) “Recent Fed rate decisions,” and (35) “Investment
recommendation based on P/E and Fed rates.” These would
be routed to specialized models including a market data
model, sector analysis model, historical analysis model,
regulatory data model, and mmvestment strategy model,
respectively. These domain-specific examples demonstrate
how the system handles complex queries across different
specialized fields, leveraging appropriate domain expertise
for each component of the query.

In some implementations, prior to imputting the set of
sub-queries 1nto the routing model, the system utilizes a load
balancer. The load balancer can be configured to distribute
the set of sub-queries across multiple mnstances of the set of
specialized models and manage allocation of system
resources to the multiple instances of the set of specialized
models. For example, the load balancer can maintain a pool
of model instances for each specialized model type, moni-
toring their current processing loads and availability. When
sub-queries are ready for processing, the load balancer can
direct them to specific instances based on current system
conditions. The load balancer 1s further configured to pre-
vent resource bottlenecks by directing each sub-query of the
set of sub-queries to a selected instance of the set of
specialized models based at least 1n part on a real-time
system load and an availability of computational resources.
For example, if one instance of a specialized model 1is
currently processing multiple complex queries and experi-
encing high CPU utilization, the load balancer can direct
new sub-queries to less-utilized instances of the same
model. This dynamic allocation helps maintain consistent
performance even during usage spikes and prevents any
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single component from becoming a bottleneck. The load
balancer can implement various distribution algorithms
including round-robin, least connections, weighted distribu-
tion based on instance capabilities, or predictive routing
based on estimated processing times.

FIG. 4 illustrates a dynamic routing decision process 400
(for example, routing intelligence system 108 of FIG. 1),
according to some 1mplementations to the disclosed tech-
nology. The dynamic routing decision process 400 imple-
ments a routing model traimned to assign sub-queries into
specialized models according to multiple routing strategies
through a sophisticated multi-criteria evaluation system. The
process can begin with a sub-query 402 (exemplified by
“Technical specifications of the latest smartphone model”)
that undergoes parallel evaluation across four distinct rout-
ing strategies: performance metrics 404 (implementing a
performance-based routing strategy that prioritizes latency
requirements and accuracy thresholds), cost optimization
406 (1mplementing a cost-optimized routing strategy that
balances computational costs with quality requirements),
domain expertise 408 (1implementing a domain expertise
routing strategy that prioritizes expertise of the specialized
models), and learning adaptation 410 (1implementing a learn-
ing-based routing strategy that updates based on historical
performance and real-time feedback).

These evaluations can feed into a weighted decision
engine 412 that applies configurable weights to each crite-
rion (Performance: 30%, Cost: 20%, Expertise: 30%, Learn-
ing: 20%) to calculate a comprehensive routing score. In
some 1mplementations, these weights can be dynamically
adjusted based on the query context or user preferences. The
selected model 414 1s determined based on this weighted
analysis, with specific performance metrics tracked for con-
tinuous optimization. The architecture further incorporates a
load balancer 416 that prevents resource bottlenecks by
directing each sub-query to a selected instance of the spe-
cialized models based on real-time system load and resource
availability. For instance, if three instances of a technical
specifications model are available with loads of 80%, 45%,
and 30%, respectively, the load balancer can direct the query
to the mstance with 30% load to ensure optimal processing
speed. The query executor 418 performs the final execution
while maintaining a feedback loop to the learning adaptation
410, enabling the system to continuously improve routing
decisions based on actual execution results and performance
metrics. This feedback mechanism allows the system to
adapt to changing conditions and improve 1ts routing deci-
s10ns over time.

In particular, for each particular sub-query in the set of
sub-queries, the system routes the particular sub-query to a
respective specialized model 1n the set of specialized mod-
cls. The system inputs the particular sub-query into the
respective specialized model to generate an output. The
system assigns, to each respective output, a confidence score
based on a reliability of the respective specialized model, a
complexity of the particular sub-query, and a relevance of
the respective output. Routing the sub-query involves send-
ing it to the specialized model determined by the routing
model as most appropriate for that specific sub-query type.
This routing can occur through internal API calls, message
queues, or direct function calls depending on the system
architecture. Inputting the sub-query into the specialized
model mvolves formatting the query appropnately for the
target model and initiating the processing operation.

Different specialized models can require different input
formats or parameters. For example, a natural language
processing model can require tokenized text, while a
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numerical analysis model can require structured data in a
specific format. The confidence score represents the sys-
tem’s assessment of how reliable the output 1s likely to be,
considering multiple factors. The reliability of the special-
1zed model can be determined based on historical pertor-
mance metrics, validation testing results, and model matu-
rity. Models with consistently accurate outputs receive
higher reliability ratings. The complexity of the sub-query
aflects confidence scoring because more complex queries
typically have higher uncertainty. For example, a simple
tactual sub-query can receive a higher confidence score than
a complex analytical sub-query with multiple variables. The
relevance of the output measures how directly the model’s
response addresses the specific sub-query. Outputs that
precisely answer the question receive higher relevance
scores than tangentially related responses.

FIG. 5 illustrates a parallel execution process 500 (for
example, parallel execution engine 110 of FIG. 1), according
to some 1mplementations to the disclosed technology. The
parallel execution process 500 implements functionality for
routing each particular sub-query to a respective specialized
model through a sophisticated multi-component system. The
process begins with routed sub-queries 502 that have been
assigned to appropriate specialized models by the routing
model. These sub-queries enter the query queue manager
504, which implements priority-based queuing with
dynamic priority adjustment based on query importance,
latency requirements, and system load. For example, a
critical sub-query about medical diagnosis information can
be placed 1n a high-priority queue to ensure rapid process-
ing, while a less time-sensitive background research query
can be placed mm a medium or low-priority queue. The
parallel executor 506 manages simultancous processing
across multiple execution threads, implementing circuit
breaker functionality that prevents cascading failures by
monitoring model performance and terminating problematic
executions. This component directly supports the function-
ality of inputting the particular sub-query into the respective
specialized model to generate an output by orchestrating the
actual execution of sub-queries across specialized model
instances. In some implementations, the parallel executor
can monitor execution progress and implement timeout

settings to prevent long-running queries from consuming
EXCESSIVE resources.

The result collector 508 aggregates outputs from the
parallel executions, maintaining detailed metadata including,
confidence scores, execution times, and model version infor-
mation, which directly supports the functionality of assign-
ing a confidence score to each respective output based on
model reliability, query complexity, and output relevance.
For instance, an output from a highly reliable model that
directly addresses a simple query can receirve a confidence
score ol 0.95, while an output from a less reliable model
addressing a complex query can receive a score of 0.70. The
architecture shows active model instances 510 with their
respective load percentages, demonstrating how the system
balances processing across multiple instances of specialized
models to optimize throughput and prevent resource bottle-
necks. Performance metrics indicate significant parallel
speedup compared to sequential processing, with the system
achieving 4.8x speedup with five parallel models and main-
taining 95% throughput etliciency. The processed outputs
512 are directed to the hierarchical aggregation system for
synthesis 1to a coherent response, completing the parallel
execution phase of the query processing pipeline. In some
implementations, the system can dynamically scale the
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number of model instances based on query volume and
complexity to maintain optimal performance under varying
load conditions.

The system detects a conflict among a set of outputs
generated for the set of sub-queries. The conflict can be a
discrepancy between two outputs of the set of outputs. A
conilict represents a situation where different specialized
models provide inconsistent or contradictory information in
their outputs. The contlict detection model can be a special-
1zed component trained to compare multiple outputs and
identily inconsistencies between them. The contlict can be
detected using a conflict detection model configured to
identify logical, factual, or semantic discrepancies among
outputs. Logical discrepancies occur when two outputs
make statements that cannot both be true according to rules
of logic. For example, 11 one output states that a particular
medical treatment 1s always eflective while another output
states that the same treatment sometimes fails, this repre-
sents a logical conflict. Factual discrepancies involve con-
tradictory factual claims, such as different numerical values,
dates, or categorical assignments. For instance, 1f one model
outputs that a material has high conductivity while another
indicates low conductivity, this represents a factual conthict.
In some implementations, the contlict detection model can
employ natural language understanding techniques to 1den-
tify subtle contradictions that can not be apparent through
simple keyword matching. Semantic discrepancies are more
subtle conflicts 1n meaning or interpretation that may not be
explicitly contradictory but convey different implications.
For example, 11 one output describes an approach as “prom-
1sing but unproven” while another describes it as “estab-
lished and reliable,” this represents a semantic contlict 1n
how the approach 1s characterized.

The system can implement comprehensive validation
rules that verily the integrity and consistency of model
outputs before aggregation. These domain-specific valida-
tion rules operate at multiple levels to ensure response
quality. At the formal level, validation rules check {for
structural correctness, ensuring that outputs conform to
expected formats and contain all required components. For
example, 1n financial domains, validation rules vernfy that
numerical values fall within realistic ranges, with rules that

flag P/E ratios above 200 or below 0 as potentially errone-
ous. In healthcare domains, validation rules check medica-
tion dosage recommendations against established safety
parameters, tlagging outputs that exceed maximum recom-
mended doses. Consistency validation rules examine rela-
tionships between diflerent data points within a single
response, ensuring internal coherence. For istance, 1n legal
domains, validation rules verily that cited regulations are
consistent with the jurisdictions mentioned 1n the query,
while 1n engineering domains, they confirm that material
property values are physically possible and mutually com-
patible. Cross-model validation rules compare outputs from
different models to identily potential contlicts, using
domain-specific knowledge to determine when diflerences
represent actual contradictions versus complementary per-
spectives. These validation mechanisms 1ncorporate
domain-specific logic constraints that enforce field-specific
rules, such as financial accounting principles, physical laws
in engineering domains, or clinical guidelines 1n healthcare
contexts. By applying these multi-layered validation rules,
the system can 1dentify and address potential issues before
presenting information to users, ensuring that the final
aggregated output maintains high standards of accuracy and
reliability across diverse specialized domains.
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In some implementations, the system extracts, from the
query, context relating to both the user and a query session
involving the user, the context including historical interac-
tion data and relevant system parameters. For example, the
system can analyze previous queries from the same user to
understand their knowledge level, preferences, and interests.
The system can also consider session-specific information
such as the sequence of queries 1n the current interaction and
how they relate to each other. For instance, 1f a user has been
asking a series of increasingly detailed questions about a
specific medical condition, the system can recognize this
progression and provide more specialized information in
response to later queries. The plurality of conflict resolution
rules 1s based on the context relating to both the user and the
query session involving the user. For instance, if historical
interaction data indicates that the user 1s a technical expert
in a particular field, conflict resolution rules can prioritize
more technical and detailed responses over simplified expla-
nations. Sumilarly, if the session context shows that the user
has been exploring a specific topic through multiple related
queries, the contlict resolution rules can prioritize consis-
tency with previous responses provided 1n the same session.
This context-aware approach to contlict resolution enables
the system to provide more personalized and coherent
responses that align with the user’s specific needs and
expectations.

The system generates an aggregated output by combining,
the set of outputs according to (1) a weighted aggregation
algorithm that prioritizes outputs with higher confidence
scores and (11) a plurality of conflict resolution rules. In some
implementations, the aggregated output resolves the contlict
between the two outputs. The weighted aggregation algo-
rithm combines the various specialized model outputs 1nto a
coherent response, giving more influence to outputs with
higher confidence scores. This approach ensures that more
reliable information has greater weight in the final response.
For example, 1f a specialized medical model provides infor-
mation about treatment options with a 90% confidence
score, while a general knowledge model provides contra-
dictory information with a 60% confidence score, the medi-
cal model’s output can receive greater weight 1n the aggre-
gated response. In some implementations, the weighted
aggregation algorithm can employ ensemble techniques
such as weighted voting or consensus methods to combine
multiple responses. The contlict resolution rules provide
structured approaches for handling discrepancies between
outputs. These rules can include domain precedence rules
(outputs from domain-specific models take precedence 1n
their areas of expertise), recency rules (more recent nfor-
mation takes precedence over older information), specificity
rules (more specific mformation takes precedence over
general information), and consensus rules (information sup-
ported by multiple models takes precedence over informa-
tion from a single model). The aggregated output presents a
unified, coherent response that resolves i1dentified conflicts
using these weighted aggregation and conflict resolution
approaches.

In some 1mplementations, the system classifies one or
more intents associated with the query by using a trained
intent classification model to detect both a primary intent
and at least one secondary intent within the query. For
example, the intent classification model can analyze the
query to determine what the user 1s trying to accomplish,
such as seeking information, requesting a calculation, asking
for a comparison, or seeking a recommendation. The pri-
mary intent represents the main purpose of the query, while
secondary 1ntents represent additional goals or requirements.
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For mstance, 1n a query like “What are the side eflects of
medication X and how do they compare to medication Y7
the primary intent can be information retrieval about side
cllects, while a secondary intent can be comparison between
medications. The trained intent classification model assigns
a confldence score to each detected mtent. These confidence
scores 1ndicate how certain the model 1s about each 1denti-
fied intent, allowing the system to prioritize more clearly
expressed intents over those that are more ambiguous. The
aggregated output 1s based at least in part on the one or more
intents. For instance, 1f the primary intent 1s identified as
secking a recommendation with high confidence, the aggre-
gation process can emphasize recommendation-oriented
content from the specialized models and structure the
response to clearly present the recommended options. Simi-
larly, 1t a secondary intent for detailed technical information
1s detected, the aggregated output can 1nclude this informa-
tion 1n a supporting section after addressing the primary
intent.

The system causes display of the aggregated output 1n
response to the query. Displaying the aggregated output
involves presenting the unified response to the user through
an appropriate interface. This can include rendering the
response as text in a chat interface, generating a structured
document with sections corresponding to different aspects of
the query, creating visual elements such as charts or dia-
grams to supplement textual information, or converting the
response to speech for voice-based interfaces. The display
can be formatted according to user prelferences, device
capabilities, and the nature of the information being pre-
sented. For example, numerical data can be presented 1n
tables or charts, while explanatory information can be pre-
sented as formatted text with appropriate headings and
emphasis. In some 1mplementations, the system can adapt
the presentation format based on the device being used,
providing more concise responses for mobile devices and
more detailed responses with visual elements for desktop
interfaces. The system can also include confidence 1ndica-
tors or source attributions 1n the displayed output to provide
transparency about the reliability of different information
components.

FIG. 6 illustrates a hierarchical aggregation system 600
with conflict resolution (for example, hierarchical aggrega-
tion system 114 of FIG. 1), according to some implemen-
tations to the disclosed technology. The hierarchical aggre-
gation system 600 implements a weighted aggregation
algorithm that priornitizes outputs with higher confidence
scores and applies contlict resolution rules through a sophis-
ticated multi-stage process. The system begins by receiving
outputs from parallel models 602 (Models A through E),
cach with distinct confidence scores and response charac-
teristics that represent the set of outputs generated for the set
of sub-queries. For example, Model A can provide technical
specifications with a confidence score of 0.95, while Model
B provides industry standards with a confidence score of
0.92. These parallel outputs undergo response validation
604, which performs formal checks, range validation, and
consistency verification to ensure data integrity belore
aggregation. The conflict detection and resolution compo-
nent 606 detects conflicts among the set of outputs by
identifying logical, factual, and semantic discrepancies
between model outputs, such as contradictory recommen-
dations between different models. This component applies
resolution techniques including confidence-weighted analy-
si1s and domain-specific rules to resolve these conflicts,
directly supporting the capability to resolve contlicts
between outputs. For instance, 11 one model recommends
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upgrading a device while another suggests waiting, the
system can resolve this conflict based on confidence scores
and other contextual factors.

The context-aware resolution component 608 1incorpo-
rates user profile information and environmental conditions
into the resolution process, 1mplementing functionality
where conflict resolution rules are based on the context
relating to both the user and the query session. For example,
il the user profile indicates they are a technical professional
who prioritizes performance over cost, the system can
resolve contlicts 1 favor of high-performance recommen-
dations. The hierarchical synthesis component 610 orga-
nizes information into a coherent structure that preserves
specialized insights from domain-specific models while
maintaining semantic coherence. In some implementations,
this component can structure the response to present factual
information first, followed by analysis, and concluding with
recommendations, creating a logical flow that gudes the
user through increasingly complex information. The final
synthesized response 612 represents the aggregated output
that combines quantitative metrics, trend analysis, and rec-
ommendations while resolving conflicts through the
weighted aggregation algorithm and conflict resolution
rules, ready for display to the user 1n response to the original
query. This hierarchical approach ensures that the final
response maintains both technical accuracy and narrative
coherence, providing a comprehensive answer that
addresses all aspects of the original complex query.

In some implementations, the hierarchical aggregation
system employs a multi-level contlict resolution approach.
At the first level, confidence-based resolution weights
responses by their assigned confidence scores and applies
threshold-based selection to filter out low-confidence out-
puts. At the second level, context-aware resolution considers
the query context and user intent to apply domain-specific
rules for disambiguation. For example, if a medical query
has both diagnostic and treatment aspects, the system can
prioritize salety considerations in treatment recommenda-
tions when conflicts arise. At the third level, ensemble
resolution techniques combine multiple responses using
weilghted voting or other aggregation methods while apply-
ing logical constraints to ensure consistency. This multi-
level approach enables the system to handle complex con-
flicts that cannot be resolved through simple confidence
scoring alone.

The system can implement a synthesis engine that con-
structs coherent, unified responses while maintaining
semantic flow and logical consistency. This engine can
preserve critical domain-specific nsights from specialized
models while integrating them into a cohesive narrative
structure. For example, when synthesizing information
about a medical condition, the synthesis engine can organize
information into sections covering symptoms, diagnostic
approaches, treatment options, and prognosis, even 1if this
information came from different specialized models. The
engine can apply natural language generation techniques to
create smooth transitions between different components of
the response, ensuring that the final output reads as a unified
whole rather than a collection of disconnected facts. This
approach enables the system to provide comprehensive
responses to complex queries that maintain both techmical
accuracy and narrative coherence.

In some implementations, the system can cause the rout-
ing model to update based on the detected contlict to
mimmize future contlicts among sets of outputs generated
by the routing model. The system can analyze the nature and
frequency of conflicts that occur during the aggregation
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process to 1identify patterns in routing decisions that lead to
contradictory outputs. For example, 1 the system consis-
tently detects contlicts between outputs from two specific
specialized models when processing queries about a par-
ticular domain, the routing model can be updated to avoid
routing related sub-queries to these models simultaneously.
The routing model update process can involve adjusting
routing weights, moditying decision thresholds, or imple-
menting new routing rules that consider contlict history
when making future routing decisions. In some cases, the
system can maintain a contlict history database that tracks
which model combinations tend to produce conflicting out-
puts for specific query types, enabling the routing model to
learn from past contlicts and make more informed routing
decisions.

The routing model update mechanism can employ
machine learning techniques to continuously improve rout-
ing strategies based on contlict feedback. The system can
implement reinforcement learning approaches where routing
decisions that result 1n fewer conilicts receive positive
reinforcement, while decisions that lead to conflicts receive
negative feedback. This feedback loop enables the routing
model to gradually optimize its routing strategies to mini-
mize the likelthood of future contlicts. In some 1mplemen-
tations, the system can also update the routing model by
incorporating contflict resolution outcomes into the training
data, allowing the model to learn which types of contlicts are
more easily resolvable and which should be avoided through
better 1mitial routing decisions. The updated routing model
can then apply these learned patterns to future queries,
potentially reducing the computational overhead associated
with contlict detection and resolution by preventing contlicts
from occurring in the first place.

Other Implementations:

The disclosed system (hereinaiter “data generation plat-
form”) herein enables dynamic model selection for process-
ing inputs to generate associated outputs across distributed
data sources. The data generation platform uses a general-
1zed model to partition query requests into segments and
route the segments to domain-specific models that are spe-
cialized for particular domains through training on domain-
specific data. The domain-specific models generate query
fragments by comparing performance metrics and system
resource usage metrics. The query fragments can be aggre-
gated into an overall query that satisfies guidelines across
the domains. The data generation platform can, in some
implementations, maintain a feedback loop that adjusts
domain-specific models based on user interactions and per-
formance metrics. When processing queries, the data gen-
eration platform measures performance metrics including
compound values based on factors such as compliance,
computation speed, resource usage, number of tokens, and
accuracy. The data generation platiorm can consider specific
user features learned over time, such as explicit user
requests, inferred autonomy preferences, and skill level.
Thus, the data generation platform 1s enabled to dynamically
adapt to different users’ needs, reducing intervention for
experienced users while providing additional support and
automated workflows for less experienced users. Addition-
ally, the data generation platform can provide context-
specific recommendations based on detected user focus
areas, such as suggesting related queries when users con-
sistently work with particular types of data.

Further, users or services of pre-existing software devel-
opment systems (e.g., data pipelines for data processing and
model or application development) do not have intuitive,
consistent, or reliable ways to select particular models (e.g.,
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domain-specific models) and/or design associated prompts
in order to solve a given problem (e.g., to generate a desired
query associated with a particular software application). As
such, pre-existing systems risk selection of sub-optimal
(c.g., relatively ineflicient and/or insecure) generative
machine learning models. Moreover, pre-existing develop-
ment pipelines do not validate outputs of the models for
security breaches i1n a context-dependent and flexible man-
ner. Code generated through a model can contain an error or
a bug that can cause system 1nstability (e.g., through loading
the incorrect dependencies). Some generated outputs can be
misleading or unreliable (e.g., due to model hallucinations
or obsolete training data). Additionally or alternatively,
some generated data (e.g., associated with natural language
text) 1s not associated with the same severity of security
risks.

The data generation platform disclosed herein further
enables dynamic evaluation of machine learning prompts for
model selection, as well as validation of the resulting
outputs, 1n order to improve the security, reliability, and
modularity of data pipelines (e.g., soitware development
systems). The data generation platform can receive a prompt
from a user (e.g., a human-readable request relating to

software development, such as code generation) and deter-
mine whether the user 1s authenticated based on an associ-
ated authentication token (e.g., as provided concurrently
with the prompt). Based on the selected model, the data
generation platform can determine a set of performance
metrics (and/or corresponding values) associated with pro-
cessing the requested prompt via the selected model. By
doing so, the data generation platform can evaluate the
suitability of the selected model (e.g., LLM) for generating
an output based on the received input or prompt. The data
generation platform can validate and/or modify the user’s
prompt according to a prompt validation model.

The selected model(s) (e.g., domain-specific models)
encounter further challenges as Al applications increasingly
adopt Al agentic frameworks. Al agentic frameworks enable
computing (e.g., software, software and hardware, and so
torth) agents to operate autonomously, making decisions and
performing actions based on their programming, learned
behavior, or suggestions from Al models, or a combination
of all three. While Al agentic frameworks ofler substantial
benefits 1n automating complex tasks, one major concern 1s
the potential for agents to become rogue and make unau-
thorized or harmiul decisions autonomously. The potential
high risk associated with particular applications, databases,
and systems creates sigmificant challenges 1n managing
agentic frameworks because the components often handle
sensitive data. Conventional approaches to controlling rogue
agent actions are predominantly reactive, often addressing
issues only after they have occurred, which can be too late
to prevent significant damage.

As such, the data generation platform disclosed herein
turther continuously monitors and evaluates the actions of
autonomous agents (e.g., domain-specific models) 1n near
real time. The disclosed system receives a set of alphanu-
meric characters (e.g., boundaries, regulations, guidelines,
and so forth) defining constraints and operational data for a
set of agents. Fach agent (Al-based or not Al-based) uses
predefined objectives to generate proposed actions. The
system can 1dentily gaps, or deficiencies in the agent’s
proposed actions, by comparing expected actions with pro-
posed actions. Al model(s) (same or different) can use the
identified gaps to modily the proposed actions by adding,
altering, or removing actions.
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Non-compliance of Al applications 1s further complicated
as guidelines (e.g., regulations, standards) increasingly
become more complex (e.g., protections against bias, harm-
tul language, intellectual property (IP) rights). For example,
guidelines can include requirements that require Al appli-
cations to produce outputs that are iree from bias, harmiul
language, and/or IP rights violations to uphold ethical stan-
dards and protect users. Traditional approaches to regulatory
compliance often involve manual interpretation of regula-
tory texts, followed by ad hoc efforts to align Al systems
with compliance requirements. However, the manual pro-
cess 1s subjective, lacks scalability, and 1s error-prone, which
makes the approach increasingly unsustainable in the face of
growing guidelines and the rapidly increasing prevalence of
Al applications.

As such, the data generation platform disclosed herein
further assesses and ensures adherence to guidelines (e.g.,
preventing bias, harmiul language, IP violations). The data
generation platform uses a meta-model that consists of one
or more models to analyze different aspects of Al-generated
content. For example, one of the models can be trained to
identily certain patterns (e.g., patterns indicative of bias)
within the content by evaluating demographic attributes and
characteristics present in the content. In some implementa-
tions, the system can incorporate a correction module to
adjust the parameters of the Al model and/or updates train-
ing data based on the findings of the detection models to
ensure that non-compliant content 1s promptly addressed and
mitigated.

In cases where non-compliance 1s detected, conventional
approaches to mapping gaps (e.g., 1ssues) in controls (e.g.,
a set of expected actions) to operative standards (e.g.,
obligations, criteria, measures, principles, conditions) heav-
ily rely on manually mapping each gap to one or more
operative standards. Using manual processes heavily
depends on individual knowledge and thus poses a signifi-
cant risk for potential bias. This subjectivity can result 1n
inconsistent mappings, as different individuals may under-
stand and apply operative standards such as regulatory
requirements in varied ways.

As such, the data generation platform disclosed herein
further uses generative Al (e.g., GAI, GenAl, generative
artificial intelligence) models, such as an LLM 1n the above-
described data generation platform, to map gaps 1n controls
to corresponding operative standards. The data generation
platform can determine a set ol vector representations of
alphanumeric characters represented by one or more opera-
tive standards, which contain a first set of actions adhering
to constraints in the set of vector representations. The data
generation platform uses a received output generation
request to construct a set of prompts for each gap to compare
the corresponding gap against the first set of actions of the
operative standards or the set of vector representations. For
cach gap, the system maps the gap to one or more operative
standards of the set of vector representations.

Further, 1n cases where non-compliance 1s detected, con-
ventional approaches to identifying actionable items from
guidelines present several challenges. Typically, conven-
tional methods include either human reviewers or automated
systems processing guidelines 1 a linear fashion. The con-
ventional linear approach often leads to an overwhelming
number ol actionable 1tems being identified. Furthermore,
conventional approaches lack the ability to dynamically
adapt to changes 1n guidelines over time.

As such, the data generation platform disclosed herein
turther 1dentifies actionable 1tems from guidelines. The data
generation platform partitions guidelines mto multiple sub-




US 12,602,418 B2

23

sets based on predetermined criteria, such as the length or
complexity of each text subset. Using the partitioned guide-
lines, the data generation platform constructs a set of
prompts for each text subset. Each text subset can be
mapped to one or more actions in the first set of actions.
Unlike conventional linear processes that result 1n an over-
whelming number of redundant actionable items, by heu-
ristically analyzing guidelines, the system can 1dentily com-
mon actionable 1tems without parsing through the guideline
documents word by word.

While the current description provides examples related
to LLMSs, one of skill in the art would understand that the
disclosed techniques can apply to other forms of machine
learning or algorithms, including unsupervised, semi-super-
vised, supervised, and reinforcement learning techniques.
For example, the disclosed data generation platform can
cvaluate model outputs from support vector machine
(SVM), k-nearest neighbor (KNN), decision-making, linear
regression, random forest, naive Bayes, or logistic regres-

s1on algorithms, and/or other suitable computational models.
Overview of the Data Generation Platiorm

FIG. 7 shows an 1llustrative environment 700 for evalu-
ating machine learning model inputs (e.g., language model
prompts) and outputs for model selection and validation,
according to some 1mplementations to the disclosed tech-
nology. For example, the environment 700 includes the data
generation platform 702, which 1s capable of communicat-
ing with (e.g., transmitting or receiving data to or from) a
data node 704 and/or third-party databases 708a-708% via a
network 750. The data generation platform 702 can include
software, hardware, or a combination of both and can reside
on a physical server or a virtual server running on a physical
computer system. For example, the data generation platform
702 can be distributed across various nodes, devices, or
virtual machines (e.g., as 1n a distributed cloud server). In
some 1mplementations, the data generation platform 702 can
be configured on a user device (e.g., a laptop computer,
smartphone, desktop computer, electronic tablet, or another
suitable user device). Furthermore, the data generation plat-
form 702 can reside on a server or node and/or can interface
with third-party databases 708a-7087 directly or indirectly.

The data node 704 can store various data, including one
or more machine learning models, prompt validation mod-
¢ls, associated training data, user data, performance metrics
and corresponding values, validation criteria, and/or other
suitable data. For example, the data node 704 includes one
or more databases, such as an event database (e.g., a
database for storage of records, logs, or other information
associated with LLM-related user actions), a vector data-
base, an authentication database (e.g., storing authentication
tokens associated with users of the data generation platform
702), a secret database, a sensitive token database, and/or a
deployment database.

An event database can include data associated with events
relating to the data generation platform 702. For example,
the event database stores records associated with users’
inputs or prompts for generation of an associated natural
language output (e.g., prompts intended for processing using
an LLM). The event database can store timestamps and the
associated user requests or prompts. In some 1mplementa-
tions, the event database can receive records from the data
generation platform 702 that include model selections/de-
terminations, prompt validation mformation, user authenti-
cation information, and/or other suitable information. For
example, the event database stores platform-level metrics
(e.g., bandwidth data, central processing unit (CPU) usage
metrics, and/or memory usage associated with devices or
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servers associated with the data generation platform 702).
By doing so, the data generation platform 702 can store and
track 1nformation relating to performance, errors, and
troubleshooting. The data generation platform 702 can
include one or more subsystems or subcomponents. For
example, the data generation platform 702 includes a com-
munication engine 712, an access control engine 714, a
breach mitigation engine 716, a performance engine 718,
and/or a generative model engine 720.

A vector database can include data associated with vector
embeddings of data. For example, the vector database
includes a numerical representations (e.g., arrays of values)
that represent the semantic meaning ol unstructured data
(c.g., text data, audio data, or other similar data). For
example, the data generation platform 702 receives nputs
such as unstructured data, including text data, such as a
prompt, and utilize a vector encoding model (e.g., with a
transformer or neural network architecture) to generate
vectors within a vector space that represents meaning of data
objects (e.g., of words within a document). By storing
information within a vector database, the data generation
platform 702 can represent inputs, outputs, and other data in
a processable format (e.g., with an associated LLLM), thereby
improving the etliciency and accuracy of data processing.

An authentication database can include data associated
with user or device authentication. For example, the authen-
tication database includes stored tokens associated with
registered users or devices of the data generation platform
702 or associated development pipeline. For example, the
authentication database stores keys (e.g., public keys that
match private keys linked to users and/or devices). The
authentication database can include other user or device
information (e.g., user identifiers, such as usernames, or
device 1dentifiers, such as medium access control (MAC)
addresses). In some implementations, the authentication
database can include user information and/or restrictions
associated with these users.

A sensitive token (e.g., secret) database can include data
associated with secret or otherwise sensitive information.
For example, secrets can include sensitive information, such
as application programming intertace (API) keys, pass-
words, credentials, or other such mformation. For example,
sensitive information includes personally 1dentifiable infor-
mation (PII), such as names, identification numbers, or
biometric information. By storing secrets or other sensitive
information, the data generation platform 702 can evaluate
prompts and/or outputs to prevent breaches or leakage of
such sensitive information.

A deployment database can include data associated with
deploying, using, or viewing results associated with the data
generation platform 702. For example, the deployment data-
base can include a server system (e.g., physical or virtual)
that stores validated outputs or results from one or more
LLMs, where such results can be accessed by the requesting
user.

The data generation platform 702 can receive inputs (e.g.,
prompts), traiming data, validation criteria, and/or other
suitable data from one or more devices, servers, or systems.
The data generation platform 702 can receive such data
using communication engine 712, which can include soft-
ware components, hardware components, or a combination
of both. For example, the communication engine 712
includes or interfaces with a network card (e.g., a wireless
network card and/or a wired network card) that 1s associated
with software to drive the card and enables communication
with network 750. In some implementations, the communi-
cation engine 712 can also receive data from and/or com-
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municate with the data node 704, or another computing
device. The communication engine 712 can communicate
with the access control engine 714, the breach maitigation
engine 716, the performance engine 718, and the generative
model engine 720.

In some implementations, the data generation platform
702 can include the access control engine 714. The access
control engine 714 can perform tasks relating to user/device
authentication, controls, and/or permissions. For example,
the access control engine 714 receives credential informa-
tion, such as authentication tokens associated with a request-
ing device and/or user. In some implementations, the access
control engine 714 can retrieve associated stored credentials
(e.g., stored authentication tokens) ifrom an authentication
database (e.g., stored within the data node 704). The access
control engine 714 can include soiftware components, hard-
ware components, or a combination of both. For example,
the access control engine 714 includes one or more hardware
components (€.g., processors) that are able to execute opera-
tions for authenticating users, devices, or other entities (e.g.,
services) that request access to an LLM associated with the
data generation platform 702. The access control engine 714
can directly or indirectly access data, systems, or nodes
associated with the third-party databases 708a-708% and can
transmit data to such nodes. Additionally or alternatively, the
access control engine 714 can receive data from and/or send
data to the communication engine 712, the breach mitigation
engine 716, the performance engine 718, and/or the genera-
tive model engine 720.

The breach mitigation engine 716 can execute tasks
relating to the validation of inputs and outputs associated
with the LLMs. For example, the breach mitigation engine
716 validates mputs (e.g., prompts) to prevent sensitive
information leakage or malicious manipulation of LLMs, as
well as validate the security or safety of the resulting
outputs. The breach mitigation engine 716 can include
software components (e.g., modules/virtual machines that
include prompt validation models, performance critena,
and/or other suitable data or processes), hardware compo-
nents, or a combination of both. As an 1llustrative example,
the breach mitigation engine 716 monitors prompts for the
inclusion of sensitive mformation (e.g., PII), or other for-
bidden text, to prevent leakage of information from the data
generation platform 702 to entities associated with the target
LLMs. The breach mitigation engine 716 can communicate
with the communication engine 712, the access control

engine 714, the performance engine 718, the generative
model engine 720, and/or other components associated with
the network 750 (e.g., the data node 704 and/or the third-
party databases 708a-708n).

The performance engine 718 can execute tasks relating to
monitoring and controlling performance of the data genera-
tion platform 702 (e.g., or the associated development
pipeline). For example, the performance engine 718 includes
soltware components (e.g., performance monitoring mod-
ules), hardware components, or a combination thereot. To
illustrate, the performance engine 718 can estimate pertor-
mance metric values associated with processing a given
prompt with a selected LLM (e.g., an estimated cost or
memory usage). By doing so, the performance engine 718
can determine whether to allow access to a given LLM by
a user, based on the user’s requested output and the asso-
ciated estimated system eflects. The performance engine 718
can communicate with the communication engine 712, the
access control engine 714, the performance engine 718, the
generative model engine 720, and/or other components
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associated with the network 750 (e.g., the data node 704
and/or the third-party databases 708a-708#).

The generative model engine 720 can execute tasks
relating to machine learning inference (e.g., natural lan-
guage generation based on a generative machine learning
model, such as an LLM). The generative model engine 720
can include software components (e.g., one or more LLMs,
and/or API calls to devices associated with such LLMs),
hardware components, and/or a combination thereof. To
illustrate, the generative model engine 720 can provide
users’ prompts to a requested, selected, or determined model
(e.g., LLM) to generate a resulting output (e.g., to a user’s
query within the prompt). As such, the generative model
engine 720 enables flexible, configurable generation of data
(e.g., text, code, or other suitable information) based on user
input, thereby improving the flexibility of software devel-
opment or other such tasks. The generative model engine
720 can communicate with the communication engine 712,
the access control engine 714, the performance engine 718,
the generative model engine 720, and/or other components
associated with the network 750 (e.g., the data node 704
and/or the third-party databases 708a-708n).

Engines, subsystems, or other components of the data
generation plattorm 702 are 1llustrative. As such, operations,
subcomponents, or other aspects of particular subsystems of
the data generation platform 702 can be distributed, varied,
or modified across other engines. In some implementations,
particular engines can be deprecated, added, or removed. For
example, operations associated with breach mitigation are
performed at the performance engine 718 instead of at the
breach mitigation engine 716.

Dynamically Selecting Models for Distributed Data Queries
Using the Data Generation Platform

FIG. 8 1s a block diagram illustrating an example envi-
ronment 800 for generating a distributed data query, accord-
ing to some implementations to the disclosed technology.
The example environment 800 includes a query generation
request 802, an Al model 804, domains 806, request seg-
ments 808, domain-specific models 810, query fragments
812, and overall query 814. Implementations of example
environment 800 can include different and/or additional
components or can be connected in different ways. The
environment 800 includes a query generation request 802
that 1s recerved by an Al model 804. The query generation
request 802 can include a structured instruction for genera-
tion of an output (e.g., a generated query) using an LLM or
other artificial intelligence model (1.e., Al model 804). For
example, the query generation request 802 can be a request
to retrieve stored information within certain parameters
(e.g., a certain time frame, a certain monetary amount, and
so forth), such as “Show me all customer transactions over
$10,000 from the last quarter.” The Al model 804 partitions
the query generation request 802 into one or more request
segments 808 (such as a first request segment 808a, a second
request segment 8085b, a third request segment 808¢, and so
forth) by mapping them to corresponding domains 806 (such
as a first domain 806a, a second domain 8065, a third
domain 806c, and so forth). The request segments 808 can
be portions of the query generation request 802 that share
common domain characteristics. For example, 1f a query
includes retrieving both financial data and customer infor-
mation, the data generation platform 702 can be segmented
into separate components-one segment for the financial
domain and another for the customer data domain.

A domain 806 can indicate a specific data context, such as
different departments or areas within an organization, and
cach can have their own specialized data requirements and
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compliance rules. For example, domains 806 can include
areas like compliance, finance, and customer data manage-
ment. Each domain can maintain its own set of databases
containing structured and/or unstructured data and operate
under specific guidelines (e.g., regulatory requirements,
operational constraints, data governance policies) that gov-
ern data access and/or processing within that domain. For
cach domain, there can be a corresponding domain-specific
model (such as a first domain-specific model 810a, a second
domain-specific model 8105, a third domain-specific model
810¢, and so forth).

A domain-specific model 810 can be a specialized model
that has been trained using domain-specific data and can be
optimized to process queries within 1ts particular domain.
Domain-specific models 810 can include small language
models and/or specialized language models that are trained
on domain-specific data such as compliance requirements,
financial data, customer information, and so forth. Each
domain-specific model generates query fragments 812 (such
as a first query fragment 812a, a second query fragmen
812b, a third query fragment 812¢, and so forth) for its
respective domain.

Each domain-specific model 810 can be a single model or
a suite of models. For example, within each domain-specific
model 810, there can be a set of further specialized models
taillored to handle specific tasks or data types. For instance,
in the banking sector, specialized models can include par-
ticular models trained on different subsets of banking data
and optimized for different functions (e.g., fraud detection).
The specialized models can work together 1n an end-to-end
workilow, where the output of one model serves as the input
for the next. Alternatively, a domain-specific model 810 can
include a group of models that operate via majority decision
and/or average, where multiple models evaluate the same
data, and their outputs are aggregated to determine the final
result of the domain-specific model 810. For example, 1n a
risk assessment domain, several models (same or diflerent)
can independently evaluate the risk of a transaction, and the
final risk score can be determined based on the majority
decision or average of these models.

Query fragments 812 can include software-related infor-
mation configured to operate as input 1n database manage-
ment systems to retrieve domain-specific data 1in accordance
with domain-specific guidelines. The AI model 804 can
aggregate the individual query fragments 812 into an overall
query 814. The overall query 814 can satisty the guidelines
associated with each database across all domains while
maintaining compliance with regulatory and orgamizational
standards.

For example, if a query generation request 802 includes
instructions to query customer transaction data across mul-
tiple departments, such as “show me all customer transac-
tions over $10,000 from the last quarter with associated risk
scores,” the Al model 804 can partition the request 802 into
three distinct segments: one for the banking domain 8064« (to
access transaction data), one for the risk assessment domain
8060 (to retrieve risk scores), and one for the compliance
domain 806¢ (to ensure regulatory requirements are met).
Each domain’s specialized model can then individually and
separately process the segment. For example, the banking
domain-specific model 810a can generate a query fragment
812a to retrieve the transaction records, the risk assessment
domain-specific model 8106 can generate a fragment 81256
to calculate risk scores, and the compliance domain-specific
model 810¢ can generate a fragment 812¢ to validate regu-
latory requirements like anti-money laundering checks. The
Al model 804 can combine the fragments into an overall
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query 814 that retrieves the complete dataset specified by the
query generation request 802 while ethiciently using system
resources and maintaining compliance with each domain’s
guidelines.

FIG. 9 1s a block diagram 1llustrating an example envi-
ronment 900 of a domain-specific model 904 (e.g., domain-
specific models 810) used for distributed data queries,
according to some 1mplementations to the disclosed tech-
nology. The example environment 900 includes a request
segment 902, the domain-specific model 904, candidate
query fragments 906, estimated metrics 908, domain-spe-
cific tramning data 910, domain-specific guidelines 912, and
selected query fragment 914. Implementations of example
environment 900 can include different and/or additional
components or can be connected in different ways.

The request segment 902 (e.g., the first request segment
8084, the second request segment 808b, the third request
segment 808¢) can be transmitted to 1ts respective domain-
specific model 904 through a synchronous communication
channel. The domain-specific model 904 can be trained
using domain-specific tramning data 910. Domain-specific
training data 910 can include data within the domain of the
domain-specific model 904. Domain-specific model 904 can
include models such as credit scoring models, fraud detec-
tion algorithms, risk assessment systems, and so forth. The
training data enables the domain-specific model 904 to learn
patterns and characteristics associated with compliant and
non-compliant behavior within 1ts specific domain. For
example, a particular domain-specific model can learn that
specific queried information must be anonymized prior to
presenting the retrieved mformation to the user.

Upon recerving a request segment 902, the domain-
specific model 904 generates one or more candidate query
fragments 906 (shown as candidate query fragment A 906qa
and candidate query fragment B 9065). Each candidate
query Iragment can include software-related information
configured to operate as input in database management
systems to retrieve domain-specific data. For each candidate
query fragment, the domain-specific model 904 can calcu-
late estimated metrics 908 (shown as estimated metrics A
908a and estimated metrics B 9085). The estimated metrics
can 1nclude, for example, compliance measurements against
domain-specific guidelines 912, computation speed {for
query execution, token usage for processing requirements,
resource usage for data retrieval, and so forth.

Domain-specific guidelines 912 can include regulatory
requirements and operational constraints that govern data
access and processing within the specific domain. The
guidelines establish the rules, procedures, and/or standards
that are followed when handling data within that domain’s
context. Domain-specific guidelines 912 can include, for
example, data privacy requirements, access controls,
encryption standards, breach notification protocols, data
retention policies, authentication procedures, audit require-
ments, user permission protocols, cybersecurity measures,
data governance policies, compliance validation criteria,
risk management procedures, transparency requirements,
human oversight protocols, and so forth. The guidelines can
be derived from external regulatory sources and/or internal
organizational policies, serving as benchmarks against
which compliance of the query 1s measured and validated.

Based on the estimated metrics 908 and compliance with
domain-specific guidelines 912, the domain-specific model
904 can seclect a query fragment 914 from the candidate
query Iragments 906. For example, when processing a
financial data query, the domain-specific model 904 can
generate multiple candidate query fragments 906 with dii-
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ferent approaches to accessing and joining financial tables.
The domain-specific model 904 can evaluate each candi-
date’s estimated resource usage, processing speed, and com-
plhiance with financial regulations before selecting the
selected query fragment 914 that balances performance with
regulatory requirements.

FIG. 10A 1s a flow diagram illustrating an example
process ol query decomposition and parallel routing, accord-
ing to some implementations to the disclosed technology. In
some 1mplementations, process 1000 1s performed by a
system 1ncluding components of the example environment
700 1llustrated and described in more detail with reference to
FIG. 7. The system can be implemented on a terminal
device, on a server, or on a telecommunications network
core. Implementations can include different and/or addi-
tional operations or can perform the operations 1n different
orders.

In operation 1002, the data generation platform 702 can
receive, from a user, a query (e.g., complex query in FIG. 1)
comprising a request relating to a particular domain. For
example, the query can be a complex question that contains
multiple distinct components requiring different types of
expertise. The data generation platform 702 can receive the
query through various interfaces including web applications,
mobile applications, voice assistants, or application pro-
gramming 1interfaces (APIs). The particular domain can
include technical fields such as healthcare, legal, scientific
research, engineering, or other specialized areas that require
domain-specific knowledge. For instance, a query in the
healthcare domain can ask about treatment options, medi-
cation interactions, and success rates for a specific condition,
while a query 1n the engineering domain can request struc-
tural analysis, material properties, and regulatory compli-
ance information for a construction project.

In operation 1004, the data generation platform 702 can
determine, based on the query, a set of sub-queries using a
decomposition model (e.g., query decomposition engine 106
in FIG. 1) trained to determine sub-queries. The decompo-
sition model can be trained to determine sub-queries based
on one or more of semantic boundaries, syntactics, tasks,
relationships, and rules relating to particular domains. The
decomposition model can be a machine learning model
specifically trained to i1dentily distinct components within
complex queries. This model can analyze the query structure
to recognize where one logical unit ends and another begins.
For example, when processing a query about “treatment
options for diabetes, their success rates, and potential side
ellects,” the decomposition model can identify three distinct
sub-queries: one about treatment options, another about
success rates, and a third about side effects.

In operation 1006, the data generation platform 702 can
input the set of sub-queries mnto a routing model (e.g.,
routing intelligence system 108 1n FIG. 1) to determine a set
ol specialized models for the set of sub-queries, wherein the
routing model 1s trained to assign sub-queries for iput into
a set of specialized models according to one or more routing
strategies. The routing model can be a machine learning
system that analyzes each sub-query and determines which
specialized model would be most appropriate for processing
it. This model considers various factors when making rout-
ing decisions, including the nature of the sub-query, the
capabilities of available specialized models, computational
clliciency considerations, and historical performance data.
In some 1mplementations, the routing model implements a
multi-strategy approach that considers performance metrics,
cost optimization, domain expertise, and adaptive learning
simultaneously. The specialized models can include domain-
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specific language models fine-tuned on particular datasets,
numerical calculation models, data retrieval systems, ana-
lytical models, and other purpose-built processing systems.

In operation 1008, the data generation platiorm 702 can
route (e.g., using parallel execution engine 110 1n FIG. 1)
cach sub-query to a respective specialized model 1n the set
of specialized models. For example, the data generation
platform 702 can route a sub-query about treatment options
to a pharmaceutical knowledge model, while a sub-query
about success rates can be routed to a specialized statistical
analysis model. In operation 1010, the data generation
platform 702 can input each sub-query into the respective
specialized model (e.g., specialized models 112 1n FIG. 1) to
generate an output.

In operation 1012, the data generation platiorm 702 can
assign, to each respective output, a confidence score (e.g.,
using hierarchical aggregation system 114 i1n FIG. 1). The
confidence score represents the system’s assessment ol how
reliable the output i1s likely to be, considering multiple
factors. The data generation platform 702 can determine the
reliability of the specialized model based on historical
performance metrics, validation testing results, and model
maturity. Models with consistently accurate outputs receive
higher confidence ratings. The complexity of the sub-query
aflects confidence scoring because more complex queries
typically have higher uncertainty. For example, a simple
factual sub-query can receive a higher confidence score than
a complex analytical sub-query with multiple variables.

In operation 1014, the data generation platiorm 702 can
generate an aggregated output by combining the set of
outputs according to (1) a weighted aggregation algorithm
that prioritizes outputs with higher confidence scores and (11)
a plurality of contlict resolution rules (e.g., using hierarchi-
cal aggregation system 114 1n FIG. 1). The data generation
plattorm 702 combines the various specialized model out-
puts 1nto a coherent response, giving more influence to
outputs with higher confidence scores. This approach
ensures that more reliable information has greater weight 1n
the final response. For example, if a specialized medical
model provides information about treatment options with a
90% confidence score, while a general knowledge model
provides contradictory information with a 60% confidence
score, the medical model’s output can receive greater weight
in the aggregated response. In some implementations, the
data generation platform 702 can employ ensemble tech-
niques such as weighted voting or consensus methods to
combine multiple responses. The contlict resolution rules
provide structured approaches for handling discrepancies
between outputs. These rules can include domain prece-
dence rules (outputs from domain-specific models take
precedence 1n their areas ol expertise), recency rules (more
recent information takes precedence over older informa-
tion), specificity rules (more specific information takes pre-
cedence over general information), and consensus rules
(information supported by multiple models takes precedence
over information from a single model). The aggregated
output presents a unified, coherent response that resolves
identified conflicts using these weighted aggregation and
conilict resolution approaches.

In operation 1016, the data generation platform 702 can
cause display of the aggregated output in response to the
query. Displaying the aggregated output can nvolve pre-
senting the unified response to the user through an appro-
priate interface. This can include rendering the response as
text 1n a chat interface, generating a structured document
with sections corresponding to different aspects of the query,
creating visual elements such as charts or diagrams to
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supplement textual information, or converting the response
to speech for voice-based interfaces. The data generation
plattorm 702 can format the display according to user
preferences, device capabilities, and the nature of the infor-
mation being presented.

FIG. 10B 1s a flow diagram illustrating an example
process of dynamically selecting models for distributed data
queries, according to some 1implementations to the disclosed
technology. In some implementations, the example process
1050 1s performed by a system including components of the
example environment 700 1llustrated and described 1n more
detail with reference to FIG. 7. The system can be imple-
mented on a terminal device, on a server, or on a telecom-
munications network core. Implementations can include
different and/or additional operations or can perform the
operations 1n different orders.

In operation 1052, the data generation platform 702 can
obtain an output generation request (e.g., the query genera-
tion request 802 i FIG. 8) including an instruction for
generation of an output using an Al model (e.g., an LLM).
Examples of output generation requests are discussed 1n
turther detail with reference to output generation request 802
in FIG. 8. For instance, an output generation request can be
received via a user interface where users mput their queries
or instructions directly. The interface can be a web-based
application, a mobile app, or a command-line interface, and
the output generation request can be 1n natural language or
structured query language. The data generation platform 702
can, 1n some implementations, obtain output generation
requests through API calls from other systems or applica-
tions. External systems can programmatically send requests
to the data generation platform 702. Additionally, output
generation requests can be triggered by scheduled tasks or
events. For example, the data generation platform 702 can
be configured to automatically generate reports or perform
data analysis at specific intervals, such as daily, weekly, or
monthly. Event-driven requests can be set up, where certain
conditions or triggers within the system initiate the genera-
tion of an output. For instance, a significant change in
market data or a detected anomaly in transaction patterns
can prompt the data generation platform 702 to retrieve
certain data.

In operation 1054, the data generation platform 702 can
partition, using an Al model, the output generation request
into one or more segments by associating the output gen-
eration request to a set of domains indicating (1) a set of
databases and (2) a set of guidelines associated with the set
of databases. The components of each segment of the output
generation request can share a common domain. The Al
model (discussed in further detail with reference to FIG. 8)
can include, but 1s not limited to, LLLMs, SVMs, k-nearest
neighbor algorithms, decision-making algorithms, linear
regression, random forest, naive Bayes, logistic regression
algorithms, or other suitable computational models.

The data generation platform 702 can generate vector
representations of the output generation request. The data
generation platform 702 can use one or more vector encod-
ing models with transformer architectures, neural network
architectures, or other architectures to generate vectors
within a vector space representing semantic meaning of
request components. The vector representations can be
stored 1n one or more vector databases as numerical arrays
capturing semantic relationships.

The data generation platform 702 can map vector repre-
sentations to domains through one or more techniques, such
as vector similarity calculations, pattern recognition across
data structures, analysis of data dependencies, evaluation of
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compliance requirements, assessment ol resource patterns,
and so forth. For example, K-means or hierarchical cluster-
ing can be used to identily patterns and group the data into
clusters that represent different domains. Clusters with fre-
quent occurrences ol the same terms can be mapped to
corresponding domains. Further, the data generation plat-
form 702 can compare vector representations by calculating
the cosine of the angle between vectors to determine their
directional similarity. For comparing textual elements, the
data generation platform 702 can measure the intersection
over the union of word sets in the expected (e.g., within a
domain) and case-specific (e.g., within the output generation
request) representations. The data generation platform 702
can 1dentily specific patterns, keywords, or formats 1ndica-
tive of domain-specific information. In some implementa-
tions, the data generation platform 702 can use graph
databases to represent relationships between vectors as
nodes and edges to model interdependencies between
domains.

In operation 1056, the data generation platform 702 can
route each of the one or more segments to a set of domain-
specific models (e.g., SLMs). Each domain-specific model
can share the same domain as corresponding routed seg-
ments. Further, each domain-specific model can be trained
using training data associated with the domain of the
domain-specific model. The data generation platform 702
can transmit each segment to 1ts respective domain-specific
model through a synchronous communication channel. The
data generation platform 702 can use various communica-
tion protocols, such as HTTP, gRPC, or WebSockets to
establish this channel, depending on the system architecture
and requirements. In some 1mplementations, the data gen-
eration platform 702 can use diflerent communication chan-
nels depending on different domains. For example, diflerent
domains may have different guidelines (e.g., encryption
standards).

In operation 1058, the data generation platform 702 can
generate, using the set of domain-specific models, a query
fragment for each domain-specific model by using (e.g., by
comparing) (1) a set of performance metric values associ-
ated with using the query fragment to retrieve domain-
specific data from the set of databases and/or (2) a set of
system resource metric values indicating an estimated usage
of system resources (e.g., hardware resources, software
resources, network resources, and so forth) to retrieve the
domain-specific data using the query fragment. The query
fragment can operate as an input in the set of databases to
retrieve the domain-specific data 1n accordance with the set
of guidelines of the domain. In some 1mplementations, the
data generation platform 702 can generate the query frag-
ment by retrieving the domain-specific data from depart-
mental databases, data lakes, and/or storage systems via, for
example, a set of API calls and/or a set of direct database
queries. The data generation platform 702 can generate the
query fragments by measuring performance metrics includ-
ing a compound value based on, for example, compliance,
computation speed, resource usage, number of tokens, com-
putation speed associated with query execution, resource
allocation associated with data retrieval, compliance valida-
tion results, and/or accuracy.

Further, the data generation platform 702 can measure
specific user features such as explicit user requests, inferred
autonomy preferences, and/or skill level. The data genera-
tion platform 702 can modily at least one domain-specific
model based on the performance metrics and specific user
teatures. For example, the data generation platform 702 can
track how users interact with the system, the types of queries
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they submit, and the complexity of their requests. By
observing these interactions, the data generation platform
702 can infer whether a user 1s highly experienced or
relatively new to the system. For more experienced users,
the data generation platform 702 can adopt a less 1ntrusive
approach, providing them with the flexibility to explore and
execute queries independently. These users may prefer mini-
mal guidance and more control over the data retrieval
process. The data generation platform 702 can adjust the
domain-specific models to ofli

er more customizable options
or parameters 1n the generated query. Conversely, for less
experienced users, the data generation platform 702 can take
a more supportive role by automatically executing program-
matic workflows and/or providing step-by-step guidance.
For mstance, if a user frequently submits basic queries or
requests assistance, the data generation platform 702 can
infer that the user may benefit from additional support and
can simplily the query process, ofler more predefined tem-
plates, and/or automate routine tasks.

In operation 1060, the data generation platform 702 can
aggregate, using the Al model, the query fragments into an
overall query configured to satisty the set of guidelines
associated with each database of the set of domains. To
resolve interdependencies between the fragments, the data
generation platform 702 can map out the dependencies
between the query fragments, identifying which fragments
rely on data from other fragments and determining the order
in which the fragments should be executed. For example, 1f
a Ifragment retrieving customer details 1s required before
retrieving transaction data, the data generation platform 702
can ensure that the customer details fragment 1s executed
first. The data generation platform 702 can resolve contlicts
that arise during the aggregation process (e.g., when Irag-
ments have overlapping data or when there are discrepancies
between the data retrieved by different fragments). The data
generation platform 702 can use predefined rules and guide-
lines to address these contlicts. For example, if two frag-
ments retrieve different versions of the same data, the data
generation platform 702 can use the most recent version.

The data generation platform 702 can validate that each
query Ifragment adheres to the set of guidelines of the
domain (which can be predetermined) belfore aggregating
the query fragments. The data generation platform 702 can
perform a set of compliance checks to validate that the
overall query satisfies the set of guidelines. In some 1mple-
mentations, the data generation platform 702 can present the
overall query to a user via a user interface configured to
receive a user mput indicating an acceptance or a denial of
the overall query. The data generation platform 702 can
associate each query fragment with compliance validation
data indicating a degree of compliance of the query fragment
with the set of guidelines and transmit each query fragment
to the Al model through a communication channel. The data
generation platform 702 can integrate the query fragments
into the overall query based on interdependencies between
the query fragments. In some implementations, the data
generation platform 702 can detect a set of interdependen-
cies between the query fragments and validate the overall
query against the set of iterdependencies.

In some implementations, the data generation platform
702 can mput, into a computer program, the overall query to
receive a set ol requested data in accordance with the
instruction of the output generation request. For example,
the data generation plattorm 702 can input the overall query
into computer programs through API calls to domain-spe-
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cific services, direct database queries using structured query
language (SQL), or interfaces with storage systems using
defined protocols.

The data generation platform 702 can obtain a user-
requested query. When processing user-requested queries,
the platform can establish authority scores by evaluating
historical actions, analyzing transaction amounts, and
assessing hardware system interactions. Resource difler-
ences can be calculated by comparing computation speed,
resource allocation requirements, and compliance validation
results. The data generation platform 702 can establish a first
score quantiiying an authority of the user-requested query
and establish a second score quantilying resource difler-
ences between the user-requested query and the overall
query. The data generation platform 702 can select either the
overall query or the user-requested query based on the first
score and the second score. In some implementations, the
data generation platform 702 can detect a set of contlicts
between a user request and the overall query associated with
a resource usage difference. In some implementations, the
data generation platform 702 can automatically execute one
or more actions (e.g., programmatic worktlows) based on
the resource usage difference exceeding a predefined thresh-
old. The data generation platform 702 can notify a validation
agent 1n response to a contlict between a user-requested
query and the overall query.

The data generation platiorm 702 can detect a focus area
ol a user based on historical queries and generate context-
specific recommendations based on the focus area. In some
implementations, the data generation platform 702 can
detect a set of data patterns across multiple data warchouses
and generate a set of query recommendations based on the
detected set of data patterns. In some implementations, the
data generation platform 702 can automatically execute a set
of programmatic workilows based on a degree of user
experience. For instance, for a user that generates daily
reports, the data generation platform 702 can automate this
workilow by scheduling the report generation at the end of
cach day, automatically retrieving the relevant data, and
sending the report to the user’s email. This reduces the user’s
workload and ensures that they receive timely and accurate
information without having to manually execute the queries.
Suitable Computing Environments of the Data Generation
Platform

FIG. 11 shows a block diagram showing some of the
components typically incorporated 1n at least some of the
computer systems and other devices 1100 on which the
disclosed system (e.g., the data generation platform 702)
operates, according to some implementations to the dis-
closed technology. In various implementations, these com-
puter systems and other device(s) 1100 can include server
computer systems, desktop computer systems, laptop com-
puter systems, netbooks, mobile phones, personal digital
assistants, televisions, cameras, automobile computers, elec-
tronic media players, web services, mobile devices, watches,
wearables, glasses, smartphones, tablets, smart displays,
virtual reality devices, augmented reality devices, etc. In
various implementations, the computer systems and devices
include zero or more of each of the following: mput com-
ponents 1104, including keyboards, microphones, image
sensors, touch screens, buttons, track pads, mice, compact
disc (CD) drives, dlgltal video dlSC (DVD) drives, 3.5 mm
iput jack, ngh Defimtion Multimedia Interface (HDMI)
input connections, Video Graphics Array (VGA) mput con-
nections, Universal Serial Bus (USB) input connections, or
other computing mmput components; output components
1106, including display screens (e.g., liquid crystal displays
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(LCDs), organic light-emitting diodes (OLEDs), cathode ray
tubes (CRTs), etc.), speakers, 3.5 mm output jack, lights,
light emitting diodes (LEDs), haptic motors, or other output-
related components; processor(s) 1108, including a CPU ifor
executing computer programs, a GPU for executing com-
puter graphic programs and handling computing graphical
clements; storage(s) 1110, including at least one computer
memory for storing programs (e.g., application(s) 1112,
model(s) 1114, and other programs) and data while they are
being used, including the facility and associated data, an
operating system including a kernel, and device drivers; a
network connection component(s) 1116 for the computer
system to communicate with other computer systems and to
send and/or receive data, such as via the Internet or another
network and its networking hardware, such as switches,
routers, repeaters, electrical cables and optical fibers, light
emitters and receivers, radio transmitters and receivers, and
the like; a persistent storage(s) device 1118, such as a hard
drive or flash drive for persistently storing programs and
data; and computer-readable media drives 1120 (e.g., at least
one non-transitory computer-readable medium) that are tan-
gible storage means that do not include a transitory, propa-
gating signal, such as a tloppy, CD-ROM, or DVD drive, for
reading programs and data stored on a computer-readable
medium. While computer systems configured as described
above are typically used to support the operation of the
tacility, those skilled in the art will appreciate that the
tacility can be implemented using devices of various types
and configurations and having various components.

FIG. 12 1s a system diagram 1llustrating an example of a
computing environment 1200 1n which the disclosed system
operates, according to some implementations to the dis-
closed technology. In some implementations, environment
1200 1ncludes one or more client computing devices 1202a-
1202d, examples of which can host graphical user interfaces
associated with client devices. For example, one or more of
the client computing devices 12024-12024 includes user
devices and/or devices associated with services requesting
responses to queries from LLMs. Client computing devices
1202 operate 1n a networked environment using logical
connections through network 1204 (e.g., the network 150) to
one or more remote computers, such as a server computing
device (e.g., a server system housing the data generation
plattorm 702 of FIG. 7). In some implementations, client
computing devices 1202 can correspond to device 1100
(FIG. 11).

In some 1implementations, server computing device 1206
1s an edge server that receives client requests and coordi-
nates fulfillment of those requests through other servers,
such as server computing devices 1210q-1210c. In some
implementations, server computing devices 1206 and 1210
include computing systems. Though each server computing
device 1206 and 1210 1s displayed logically as a single
server, server computing devices can each be a distributed
computing environment encompassing multiple computing
devices located at the same or at geographically disparate
physical locations. In some implementations, each server
computing device 1210 corresponds to a group of servers.

Client computing devices 1202 and server computing
devices 1206 and 1210 can each act as a server or client to
other server or client devices. In some 1mplementations,
server computing devices (1206, 12104-1210¢) connect to a
corresponding database (1208, 1212a-1212¢). For example,
the corresponding database includes a database stored within
the data node 704 of FIG. 7 (e.g., a sensitive token database,
an event database, or another suitable database). As dis-
cussed above, each server computing device 1210 can
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correspond to a group of servers, and each of these servers
can share a database or can have its own database (and/or
interface with external databases, such as third-party data-
bases 108a-1087). In addition to information described
concerning the data node 704 of FIG. 7, databases 1208 and
1212 can warchouse (e.g., store) other suitable information,
such as sensitive or forbidden tokens, user credential data,
authentication data, graphical representations, code samples,
system policies or other policies, templates, computing
languages, data structures, software application identifiers,
visual layouts, computing language i1dentifiers, mathemati-
cal formulae (e.g., weighted average, weighted sum, or other
mathematical formulas), graphical elements (e.g., colors,
shapes, text, images, multimedia), system protection mecha-
nisms (e.g., prompt validation model parameters or criteria),
solftware development or data processing architectures,
machine learning models, Al models, traiming data for
Al/machine learming models, historical information, or other
information.

Though databases 1208 and 1212 are displayed logically
as single units, databases 1208 and 1212 can each be a
distributed computing environment encompassing multiple
computing devices, can be located within their correspond-
ing server, or can be located at the same or at geographically
disparate physical locations.

Network 1204 (e.g., corresponding to the network 150)
can be a local area network (LAN) or a wide area network
(WAN) but can also be other wired or wireless networks. In
some 1implementations, network 1204 1s the Internet or some
other public or private network. Client computing devices
1202 are connected to network 1204 through a network
interface, such as by wired or wireless communication.
While the connections between server computing device
1206 and server computing device 1210 are shown as
separate connections, these connections can be any kind of
LAN, WAN, wired network, or wireless network, including
network 1204 or a separate public or private network.

FIG. 13 shows a diagram of an Al model, according to
some 1mplementations to the disclosed technology. Al
model 1300 1s shown. In some implementations, Al model
1300 can be any Al model. In some implementations, Al
model 1300 can be part of, or work in conjunction with,
server computing device 1206 (FIG. 12). For example,
server computing device 1206 can store a computer program
that can use information obtained from Al model 1300,
provide information to Al model 1300, or communicate with
Al model 1300. In other implementations, AI model 1300
can be stored in database 1208 and can be retrieved by server
computing device 1206 to execute/process information
related to Al model 1300.

In some implementations, Al model 1300 can be a
machine learning model 1302. Machine learning model
1302 can include one or more neural networks or other
machine learning models. As an example, neural networks
can be based on a large collection of neural units (or artificial
neurons). Neural networks can loosely mimic the manner in
which a biological brain works (e.g., via large clusters of
biological neurons connected by axons). Each neural unit of
a neural network can be connected with many other neural
units of the neural network. Such connections can be enforc-
ing or inhibitory in their eflect on the activation state of
connected neural units. In some implementations, each
individual neural unit can have a summation function that
combines the values of all its inputs together. In some
implementations, each connection (or the neural unit 1itself)
can have a threshold function such that the signal must
surpass the threshold before 1t propagates to other neural




US 12,602,418 B2

37

units. These neural network systems can be self-learning and
trained, rather than explicitly programmed, and can perform
significantly better 1n certain areas of problem solving, as
compared to traditional computer programs. In some 1imple-
mentations, neural networks can include multiple layers
(e.g., where a signal path traverses from front layers to back
layers). In some 1mplementations, backpropagation tech-
niques can be utilized by the neural networks, where forward
stimulation 1s used to reset weights on the “front” neural
units. In some 1implementations, stimulation and inhibition
for neural networks can be more free-flowing, with connec-
tions 1nteracting 1 a more chaotic and complex fashion.
As an example, with respect to FIG. 13, machine learning
model 1302 can take inputs 1304 and provide outputs 1306.
In one use case, outputs 1306 can be fed back to machine
learning model 1302 as input to train machine learning
model 1302 (e.g., alone or 1n conjunction with user indica-
tions of the accuracy of outputs 1306, labels associated with
the mputs, or other reference feedback information). In
another use case, machine learning model 1302 can update
its configurations (e.g., weights, biases, or other parameters)
based on 1ts assessment of its prediction (e.g., outputs 1306)
and reference feedback information (e.g., user indication of
accuracy, reference labels, or other information). In another
use case, where machine learning model 1302 i1s a neural
network, connection weights can be adjusted to reconcile
differences between the neural network’s prediction and the
reference feedback. In a further use case, one or more
neurons (or nodes) of the neural network can require that
their respective errors are sent backward through the neural
network to them to facilitate the update process (e.g.,
backpropagation of error). Updates to the connection
welghts can, for example, be reflective of the magnitude of
error propagated backward after a forward pass has been
completed. In this way, for example, the machine learning
model 1302 can be trained to generate better predictions.
As an example, where the prediction models include a
neural network, the neural network can include one or more
input layers, hidden layers, and output layers. The input and
output layers can respectively include one or more nodes,
and the hidden layers can each include a plurality of nodes.
When an overall neural network includes multiple portions
trained for different objectives, there may or may not be
input layers or output layers between the different portions.
The neural network can also include different input layers to
receive various input data. Also, i differing examples, data
can be mput to the mput layer in various forms, and 1n
various dimensional forms input to respective nodes of the
input layer of the neural network. In the neural network,
nodes of layers other than the output layer are connected to
nodes of a subsequent layer through links for transmitting,
output signals or information from the current layer to the
subsequent layer, for example. The number of the links can
correspond to the number of the nodes mcluded 1n the
subsequent layer. For example, 1n adjacent fully connected
layers, each node of a current layer can have a respective
link to each node of the subsequent layer, noting that 1n some
examples such full connections can later be pruned or
mimmized during traimng or optimization. In a recurrent
structure, a node of a layer can be again input to the same
node or layer at a subsequent time, while 1n a bi-directional
structure, forward and backward connections can be pro-
vided. The links are also referred to as connections or
connection weights, referring to the hardware-implemented
connections or the corresponding “connection weights”™ pro-
vided by those connections of the neural network. During
training and implementation, such connections and connec-
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tion weights can be selectively implemented, removed, and
varied to generate or obtain a resultant neural network that

1s thereby trained and that can be correspondingly 1mple-
mented for the trained objective, such as for any of the above
example recognition objectives.

CONCLUSION

Unless the context clearly requires otherwise, throughout
the description and the claims, the words “comprise,” “com-
prising,” and the like are to be construed 1 an inclusive
sense, as opposed to an exclusive or exhaustive sense; that
1s to say, 1n the sense of “including, but not limited to.” As
used herein, the terms “connected,” “coupled,” or any vari-
ant thereol means any connection or coupling, either direct
or indirect, between two or more elements; the coupling or
connection between the elements can be physical, logical, or
a combination thereof. Additionally, the words “herein,”
“above,” “below,” and words of similar import, when used
in this application, refer to this application as a whole and
not to any particular portions of this application. Where the
context permits, words in the above Detailed Description
using the singular or plural number can also include the
plural or singular number, respectively. The word “or,” n
reference to a list of two or more 1tems, covers all of the
following interpretations of the word: any of the 1tems 1n the
list, all of the items 1n the list, and any combination of the
items 1n the list.

The above Detailed Description of examples of the tech-
nology 1s not itended to be exhaustive or to limit the
technology to the precise form disclosed above. While
specific examples of the technology are described above for
illustrative purposes, various equivalent modifications are
possible within the scope of the technology, as those skilled
in the relevant art will recognize. For example, while
processes or blocks are presented 1n a given order, alterna-
tive implementations can perform routines having steps, or
employ systems having blocks, in a different order, and
some processes or blocks can be deleted, moved, added,
subdivided, combined, and/or modified to provide alterna-
tive or sub-combinations. Each of these processes or blocks
can be implemented in a variety of different ways. Also,
while processes or blocks are at times shown as being
performed 1n series, these processes or blocks can 1nstead be
performed or implemented in parallel, or can be performed
at different times. Further, any specific numbers noted herein
are only examples: alternative implementations can employ
differing values or ranges.

The teachings of the technology provided herein can be
applied to other systems, not necessarily the system
described above. The elements and acts of the various
examples described above can be combined to provide
turther implementations of the technology. Some alternative
implementations of the technology not only can include
additional elements to those implementations noted above,
but also can include fewer elements.

These and other changes can be made to the technology
in light of the above Detailed Description. While the above
description describes certain examples of the technology,
and describes the best mode contemplated, no matter how
detailed the above appears 1n text, the technology can be
practiced in many ways. Details of the system can vary
considerably 1n 1ts specific implementation, while still being
encompassed by the technology disclosed herein. As noted
above, specific terminology used when describing certain
teatures or aspects of the technology should not be taken to
imply that the terminology is being redefined herein to be
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restricted to any specific characteristics, features, or aspects
of the technology with which that terminology 1s associated.
In general, the terms used in the following claims should not
be construed to limit the technology to the specific examples
disclosed 1n the specification, unless the above Detailed
Description section explicitly defines such terms. Accord-
ingly, the actual scope of the technology encompasses not
only the disclosed examples, but also all equivalent ways of
practicing or implementing the technology under the claims.

To reduce the number of claims, certain aspects of the
technology are presented below 1n certain claim forms, but
the applicant contemplates the various aspects of the tech-
nology 1n any number of claim forms. For example, while
only one aspect of the technology 1s recited as a computer-
readable medium claim, other aspects can likewise be
embodied as a computer-readable medium claim, or 1n other
forms, such as being embodied 1n a means-plus-function
claim. Any claims intended to be treated under 35 U.S.C. §
112(1) will begin with the words “means for,” but use of the
term “for” in any other context is not intended to mvoke
treatment under 35 U.S.C. § 112(1). Accordingly, the appli-
cant reserves the right to pursue additional claims after filing
this application to pursue such additional claim forms, either
in this application or 1n a continuing application.

We claim:

1. One or more non-transitory, computer-readable storage
medium comprising instructions recorded thereon, wherein
the instructions, when executed by at least one data proces-
sor of a system, cause the system to:

receive, from a user, a query comprising a request relating

to a particular domain;

determine, based on the query, a set of sub-queries using

a decomposition model trained to determine sub-que-
ries based on one or more of semantic boundaries,
syntactics, tasks, relationships, and rules relating to
particular domains;

input the set of sub-queries into a routing model to

determine a set of specialized models for the set of
sub-queries, wherein the routing model 1s trained to
assign sub-queries for mput mto a set of specialized
models according to one or more routing strategies that
balance or prioritize a plurality of factors;

for each particular sub-query 1n the set of sub-queries:

route the particular sub-query to a respective special-
1zed model 1n the set of specialized models;

input the particular sub-query into the respective spe-
cialized model to generate an output; and

assign, to each respective output, a confidence score
based on a reliability of the respective specialized
model, a complexity of the particular sub-query, and
a relevance of the respective output;

detect a contlict among a set of outputs generated for the

set of sub-queries, wherein the conflict 1s detected

using a conflict detection model configured to 1dentily

logical, factual, or semantic discrepancies among out-

puts, and wherein the contlict comprises a discrepancy

between two outputs of the set of outputs;

cause the routing model to update, based on the contlict,

to minimize future conflicts among sets of outputs
generated by the routing model;

generate an aggregated output by combining the set of

outputs according to (1) a weighted aggregation algo-
rithm that prioritizes outputs with higher confidence
scores and (1) a plurality of contlict resolution rules,
wherein the aggregated output resolves the contlict
between the two outputs; and
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cause display of the aggregated output 1n response to the
query.
2. The one or more non-transitory, computer-readable
storage medium of claim 1, wherein the 1nstructions turther
5 cause the system to:
extract, from the query, context relating to both the user
and a query session involving the user, the context
including historical interaction data and relevant sys-
tem parameters,
wherein the plurality of conflict resolution rules are
based on the context relating to both the user and the
query session mnvolving the user.

3. The one or more non-transitory, computer-readable
storage medium of claim 1, wherein the one or more routing,
15 strategies comprise one or more of a performance-based

routing strategy that prioritizes latency requirements and

accuracy thresholds, a cost-optimized routing strategy that

balances computational costs with quality requirements, a

domain expertise routing strategy that prioritizes expertise
20 ol the set of specialized models, and a learning-based
routing strategy that updates based on historical perfor-
mance and real-time feedback.
4. The one or more non-transitory, computer-readable
storage medium of claim 1, wherein the instructions further
25 cause the system, prior to mputting the set of sub-queries
into the routing model, to:

utilize a load balancer, the load balancer being configured

to distribute the set of sub-queries across multiple

instances of the set of specialized models and manage

allocation of system resources to the multiple instances

of the set of specialized models,

wherein the load balancer i1s further configured to
prevent resource bottlenecks by directing each sub-
query of the set of sub-queries to a selected instance
of the set of specialized models based at least 1n part
on a real-time system load and an availability of
computational resources.

5. The one or more non-transitory, computer-readable
storage medium of claim 1, wherein the instructions for
determining the set of sub-queries further cause the system
to:

identify at least one of:

semantic boundaries or conceptual units within the
request;

syntactics within the request, the syntactics comprising,
clauses, modifiers, or logical operators;

tasks indicated by the request;

entities and relationships between the entities from the
request; and

rules specific to components of the request; and

determine the set of sub-queries based on the at least one

of the semantic boundaries, the syntactics, the tasks, the

entities and the relationships, and the rules.

6. A method comprising:

receiving, from a user, a query comprising a request

relating to a particular domain;

determinming, based on the query, a set of sub-queries using,

a decomposition model trained to determine sub-que-
ries;

inputting the set of sub-queries into a routing model to

determine a set of specialized models for the set of
sub-queries, wherein the routing model 1s trained to
assign sub-queries for mput mto a set of specialized
models according to one or more routing strategies;
for each particular sub-query 1n the set of sub-queries:
routing the particular sub-query to a respective special-
1zed model 1 the set of specialized models;
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inputting the particular sub-query into the respective
specialized model to generate an output;

assigning, to each respective output, a confidence
score; and

classifying one or more intents associated with the
query by using a trained intent classification model
to detect both a primary intent and at least one
secondary intent within the query, wherein the
trained intent classification model assigns a confi-
dence score to each detected intent, and

generating an aggregated output by combining the set of

outputs according to (1) a weighted aggregation algo-
rithm that prioritizes outputs with higher confidence
scores and (11) a plurality of contlict resolution rules,
wherein the aggregated output 1s based at least 1n part
on the one or more intents; and

causing display of the aggregated output 1n response to

the query.

7. The method of claim 6, further comprising;:

extracting, from the query, context relating to both the

user and a query session mvolving the user, the context

including historical interaction data and relevant sys-

tem parameters,

wherein the plurality of conflict resolution rules are
based on the context relating to both the user and the
query session involving the user.

8. The method of claim 6, wherein the one or more routing
strategies comprise one or more of a performance-based
routing strategy that prioritizes latency requirements and
accuracy thresholds, a cost-optimized routing strategy that
balances computational costs with quality requirements, a
domain expertise routing strategy that prioritizes expertise
of the set of specialized models, and a learning-based
routing strategy that updates based on historical perfor-
mance and real-time feedback.

9. The method of claim 6, further comprising, prior to
inputting the set of sub-queries 1nto the routing model:

utilizing a load balancer, the load balancer being config-

ured to distribute the set of sub-queries across multiple

instances of the set of specialized models and manage

allocation of system resources to the multiple instances

of the set of specialized models,

wherein the load balancer i1s further configured to
prevent resource bottlenecks by directing each sub-
query of the set of sub-queries to a selected instance
of the set of specialized models based at least in part
on a real-time system load and an availability of
computational resources.

10. The method of claim 6, wherein determiming the set of
sub-queries further comprises:

identifying at least one of:

semantic boundaries or conceptual units within the
request;

syntactics within the request, the syntactics comprising,
clauses, modifiers, or logical operators;

tasks indicated by the request;

entities and relationships between the entities from the
request; and

rules specific to components of the request; and

determining the set of sub-queries based on the at least

one of the semantic boundaries, the syntactics, the

tasks, the entities and the relationships, and the rules.

11. The method of claim 6, further comprising:

detecting a contlict among a set of outputs generated for

the set of sub-queries, wherein the conflict 1s detected
using a contlict detection model configured to identify
logical, factual, or semantic discrepancies among out-
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puts, and wherein the contlict comprises a discrepancy
between two outputs of the set of outputs, wherein the
aggregated output resolves the contlict between the two
outputs; and

causing the routing model to update, based on the conflict,

to minimize future conflicts among sets of outputs
generated by the routing model.

12. A system comprising;:

a storage device; and

one or more processors communicatively coupled to the

storage device storing instructions thereon, that cause
the one or more processors to:

receive, Irom a user, a query comprising a request relating

to a particular domain;

determine, based on the query, a set of sub-queries using

a decomposition model trained to determine sub-que-
ries;

utilize a load balancer, the load balancer being configured

to distribute the set of sub-queries across multiple

instances ol the set of specialized models and manage

allocation of system resources to the multiple instances

of the set of specialized models,

wherein the load balancer i1s further configured to
prevent resource bottlenecks by directing each sub-
query of the set of sub-queries to a selected instance
of the set of specialized models based at least 1n part
on a real-time system load and an availability of
computational resources;

input the set of sub-queries into a routing model to

determine a set of specialized models for the set of
sub-queries, wherein the routing model 1s trained to
assign sub-queries for mput mto a set of specialized
models according to one or more routing strategies;
for each particular sub-query 1n the set of sub-queries:
route the particular sub-query to a respective special-
1zed model 1 the set of specialized models;
input the particular sub-query into the respective spe-
cialized model to generate an output; and
assign, to each respective output, a confidence score;
generate an aggregated output by combining the set of
outputs according to (1) a weighted aggregation algo-
rithm that priontizes outputs with higher confidence
scores and (11) a plurality of contlict resolution rules;
and

cause display of the aggregated output in response to the

query.

13. The system of claim 12, wherein the instructions
further cause the one or more processors to:

extract, from the query, context relating to both the user

and a query session involving the user, the context

including historical interaction data and relevant sys-

tem parameters,

wherein the plurality of contlict resolution rules are
based on the context relating to both the user and the
query session involving the user.

14. The system of claim 12, wherein the one or more
routing strategies comprise one or more of a performance-
based routing strategy that prioritizes latency requirements
and accuracy thresholds, a cost-optimized routing strategy
that balances computational costs with quality requirements,
a domain expertise routing strategy that prioritizes expertise
of the set of specialized models, and a learning-based
routing strategy that updates based on historical perfor-
mance and real-time feedback.

15. The system of claim 12, wherein the instructions for
determining the set of sub-queries further cause the one or
more processors to:
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identify at least one of:
semantic boundaries or conceptual units within the
request;
syntactics within the request, the syntactics comprising,
clauses, modifiers, or logical operators;
tasks indicated by the request;
entities and relationships between the entities from the
request; and
rules specific to components of the request; and
determine the set of sub-queries based on the at least one
of the semantic boundaries, the syntactics, the tasks, the
entities and the relationships, and the rules.
16. The system of claim 12, wherein the instructions
turther cause the one or more processors 1o:
classily one or more intents associated with the query by
using a trained intent classification model to detect both

a primary intent and at least one secondary intent
within the query,

44

wherein the trained intent classification model assigns
a confidence score to each detected intent, and
wherein the aggregated output 1s based at least 1n part
on the one or more intents.
5 17. The system of claim 12, wherein the instructions
further cause the one or more processors to:
detect a conflict among a set of outputs generated for the
set of sub-queries, wherein the contlict 1s detected
using a contlict detection model configured to identify
10 logical, factual, or semantic discrepancies among out-
puts, and wherein the contlict comprises a discrepancy
between two outputs of the set of outputs, wherein the
aggregated output resolves the contlict between the two
outputs; and
15 cause the routing model to update, based on the conflict,
to minimize future conflicts among sets of outputs
generated by the routing model.
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